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Editorial on the Research Topic: 


Organoids, organs-on-chip, nanoparticles and in silico approaches to dissect the tumor-immune dynamics and to unveil the drug resistance mechanisms to therapy in the tumor microenvironment


The relationships between cancer and immune system are under intense investigation and have currently made giant steps thanks to the great development of advanced in vitro models as useful preclinical systems (1–4). Advanced models of study represent a large set of tools that are important for enabling scientists to study in detail specific biological events, including those related to the multifaceted dynamics of the tumor microenvironment (TME) and the associated phenomena such as drug resistance and crosstalk between cancer and immune cells.

In this Research Topic we collected a set of key articles (6 Research papers and 6 Review articles) exploring diverse aspects of the TME. Advanced models of study, such as in vitro 3D models, Organs-on-Chip (OOC), and mathematical algorithms for onco-immunology applications, including multi-omics models, have been discussed in these articles.

In their Research article, Brummer et al. proposed a quantitative advanced mathematical model based on Sparse Identification of Non-linear Dynamics (SINDy) algorithm (5), applied to a real biological system in order to discover cell-cell interaction dynamics in in vitro experimental data. They employed such a model to specifically investigate the interaction dynamics of CAR T-cell populations and glioblastoma. In the future, this model may be applied to optimize the efficacy of CAR-T-based therapies in aggressive and inoperable tumors such as glioblastoma.

Carannante et al. contributed a Review on how in vitro 3D systems can be further implemented to reach high-fidelity recapitulation of the tumor microenvironment to study the activity of Natural Killer (NK) cells. NK cells are key actors participating in cancer immunosurveillance and maintaining tissue homeostasis (6). The Authors proposed multiple ways to implement the existing 3D platforms to develop spheroids and organoids, useful to generate specific systems allowing researchers to monitor in real time the NK behavior (i.e., Caspase activity within spheroids, quantitative evaluation of NK infiltration into spheroids) and NK-based therapeutic efficacy.

Foxall et al. developed a 3D spheroid model for real time monitoring of antibody-specific therapy in diffuse large cell B cell lymphoma (DLBCL). This neoplastic disease is one of the most common types of non-Hodgkin lymphoma (7). This advanced 3D model was shown to be a reliable tool to investigate how cancer-associated fibroblasts (CAFs) and tumor-associated macrophages (TAMs), important constituents of the TME, interact with DLBCL. This model accurately recapitulates key features of the DLBCL TME necessary for elucidating TAM-CAF direct and indirect crosstalk.

Pancreatic ductal adenocarcinoma (PDAC) is an aggressive type of cancer (8) for which Geyer et al. evaluated the impact of the tumor stromal components on immune cell distribution and recruitment in a PDAC advanced preclinical model. The dense stromal microenvironment of PDAC creates a barrier for immune cell infiltration and poses a challenge for immunotherapeutic strategies. The study establishes a 3D PDAC model cultured under flow, consisting of an endothelial channel, pancreatic stellate cells (PSCs), and PDAC organoids, to investigate the role of the TME on immune cell recruitment. The findings suggest that stromal cells form a physical barrier and a biochemical microenvironment that influences immune cell distribution. Additionally, targeting the stroma led to an increase in immune cell infiltration. This study highlights the potential of this model for contributing to understanding the cellular interactions and identifying key players in the immunosuppressive moiety of PDAC.

In their Research article, Huang et al. exploited a multi-omics approach to evaluate transcriptional and epigenetic regulation of GPRC5B, a G protein-coupled receptor (GPCR) (9) associated to macrophages activity. In their proposed pipeline, the Authors used a model employing RNA sequencing (RNA-seq) assay for transposase-accessible chromatin using sequencing (ATAC-seq) and chromatin immunoprecipitation with high-throughput sequencing (ChIP-seq). They were able to show that GPRC5B represent a central GPCR for colon adenocarcinoma prognosis by direct modulation of the transcription factor (TF) GATA4. This study is a representative example on the usefulness of multi-omics approaches for TF investigations to optimize cancer therapy.

Xie et al. showed a Research article on kidney renal clear cell carcinoma (KIRC), one of the most lethal tumors of the urinary tract, with limited treatment solutions and poor prognosis (10). By using the R Limma package, the Authors exploited a multi-omics approach to find associations between prognosis and epigenetic modifications in KIRC patients. Of note, they identified a set (8 genes) of dysregulated epigenetic protein coding genes (epi-PCGs) (11) that can be successfully employed to evaluate KIRC prognosis. Specifically, such a signature predicted a strong association with KIRC prognosis. Indeed, patients with a high signature score experienced significantly worse clinical trajectories than those with a low score, thus suggesting that the use of a restricted epi-PCG gene set could provide a useful prognostic signature to investigate on pathological mechanisms of KIRC. This is an important prerequisite for developing novel and efficacious KIRC-specific drug targets.

In their Perspective article, Kumar et al. debated the value of commonly used response grading criteria in early oncology trials, namely the Response Evaluation Criteria In Solid Tumors (RECIST), version 1.1 (v1.1) (12). The Authors argue that RECISTv1.1 is ambiguous regarding lesion-to-lesion variation and can introduce bias in decision-making problems. They provided theoretical examples of how lesion-to-lesion variability can lead to misclassification of patient response. The Authors review immune checkpoint inhibitor (ICI) clinical trial data and find that lesion-to-lesion heterogeneity is widespread in ICI-treated patients. They then conclude that the incorporation of lesion-to-lesion heterogeneity through Quantitative Systems Pharmacology (QSP) models can constitute a complementary implementation to the RECISTv1.1 model. Therefore, ameliorating decision-making processes in early-stage oncology drug development can lead to key benefits in cancer patient care.

Manduca et al. contributed a Review article overviewing the current advanced in vitro models utilized to investigate on the interactions between immune and cancer cells to better recapitulate the complexity of the TME dynamics (3, 13–15). The Authors also discussed advantages and disadvantages of employing complex in vitro systems such as spheroids, organoids and organs-on-chip platforms (OOC). Accessibility versus fidelity represent two central parameters to appropriately chose the ideal platform to study a specific TME event. Simultaneous control of many relevant biological factors facilitates the use of accessible systems, such as spheroids or organoids, whereas if one intends to reproduce an event occurring in the TME, the use of OOC platforms is highly beneficial due to its high-fidelity recapitulation of the TME events. This article highlights that advanced in vitro systems are invaluable tools for studying the TME, considering that it is both very difficult and expensive to analogously do so in vivo.

Shen et al. proposed a review article overviewing the impact of the nanomaterials and the associated bioprinting methods in the use of organoids and spheroids. Nanomaterials can represent a very useful architectural implementation when generating organoids or spheroids in 3D culture systems, which can assist to better maintain the unit stability, affordability, and recapitulation fidelity (16). For example, a new methodology based on the use of neodymium magnets (17) is debated, which allows spheroids to be developed under the action of magnetic fields. Nanomaterials are also used to improve the efficiency of drug delivery and screening in spheroids and organoid units. Therefore, using specific types of nanomaterials can be very useful for the development of high-fidelity and highly accessible spheroid/organoid units, which can be properly optimized to recapitulate specific events of the TME.

In a Review article, Sun et al. provided an exhaustive overview of the various culture methods for tumor organoids (18) to study the complexity of the TME and to emulate their associated dynamics. Specifically, they debated the pros and cons of three main culture techniques, namely submerged Matrigel culture, air-liquid interface culture, and microfluidic 3D culture. They also discussed on how these different organoid culture methods can be applied to evaluate immunotherapeutic strategies, such as adoptive cell transfer, ICI and other antibody-based therapies. Collectively, these approaches represent promising tools for personalized medicine in cancer.

Warwas et al. proposed a Research article in which the use of co-stimulatory bispecific antibodies (BiMAb) (19) in breast cancer models has been addressed to enhance T cell activation and tumor cell killing. The study analyzed various BiMAb targeting breast cancer antigens and bi-functional fusion proteins targeting tumor necrosis factor ligand (TNFL) superfamily members. The functional activity of the BiMAb was assessed using tumor cell lines and purified T cells in monolayer and tumor spheroid models. The results showed that the combination treatment of BiMAb with co-stimulatory antibodies significantly enhanced T cell activation, proliferation, cytokine secretion, and tumor cytotoxicity. Co-stimulation also overcame the immunosuppressive effects of TGF-β and IL-10. The study suggests that co-stimulatory BiMAb, assayed in advanced tumor models of study (spheroids), could provide a more localized and effective activation of the immune system in breast cancer treatment.

In their Review article, Yoon et al. discussed the advancements made in the culture methods for colorectal cancer (CRC). CRC currently represents one of the most widespread type of solid malignancy (20). Here, the pros and cons associated to 2D, 3D, and complex preclinical models (including OOCs), have been reported in detail for CRC in order to reflect on the optimal way to recapitulate and investigate the CRC TME. Their rational and optimized use (i.e., exact type of cells and hydrogel to be loaded in the OOC; defined microstructure of the OOC) constitutes a crucial step in studying the immune microenvironment of CRC and evaluating the effectiveness of immunotherapies.

In conclusion, this Editorial represents a relevant reference to those researchers specifically interested in developing novel ideas based on the use of new preclinical advanced models (such as organoids and OOCs), algorithms based on multi-omics approaches and drug delivery nanotechnologies to be applied in immuno-oncology. These systems represent promising biotools for TME mimicking studies and for the optimization of cancer therapy strategies in the context of cancer patient’s personalized medicine.
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Diffuse large cell B cell lymphoma (DLBCL) accounts for approximately 30%–40% of all non-Hodgkin lymphoma (NHL) cases. Current first line DLBCL treatment results in long-term remission in more than 60% of cases. However, those patients with primary refractory disease or early relapse exhibit poor prognosis, highlighting a requirement for alternative therapies. Our aim was to develop a novel model of DLBCL that facilitates in vitro testing of current and novel therapies by replicating key components of the tumor microenvironment (TME) in a three-dimensional (3D) culture system that would enable primary DLBCL cell survival and study ex vivo. The TME is a complex ecosystem, comprising malignant and non-malignant cells, including cancer-associated fibroblasts (CAF) and tumor-associated macrophages (TAM) whose reciprocal crosstalk drives tumor initiation and growth while fostering an immunosuppressive milieu enabling its persistence. The requirement to recapitulate, at least to some degree, this complex, interactive network is exemplified by the rapid cell death of primary DLBCL cells removed from their TME and cultured alone in vitro. Building on previously described methodologies to generate lymphoid-like fibroblasts from adipocyte derived stem cells (ADSC), we confirmed lymphocytes, specifically B cells, interacted with this ADSC-derived stroma, in the presence or absence of monocyte-derived macrophages (MDM), in both two-dimensional (2D) cultures and a 3D collagen-based spheroid system. Furthermore, we demonstrated that DLBCL cells cultured in this system interact with its constituent components, resulting in their improved viability as compared to ex-vivo 2D monocultures. We then assessed the utility of this system as a platform to study therapeutics in the context of antibody-directed phagocytosis, using rituximab as a model immunotherapeutic antibody. Overall, we describe a novel 3D spheroid co-culture system comprising key components of the DLBCL TME with the potential to serve as a testbed for novel therapeutics, targeting key cellular constituents of the TME, such as CAF and/or TAM.




Keywords: diffuse large B cell lymphoma, antibody therapy, adipocyte derived stem cell, cancer associated fibroblast, tumor associated macrophage, 3D co-culture model



Introduction

Diffuse large cell B cell lymphoma (DLBCL) is the most common type of non-Hodgkin lymphoma (NHL); accounting for approximately 30%–40% of cases (1). Classically, it is sub-categorized into germinal-center B cell-like (GCB) and activated B cell-like (ABC) entities, based on cell-of-origin and gene expression profiling (GEP) (2), with ABC DLBCL associated with substantially worse outcomes with current treatments (3). Recently, more detailed genetic analyzes, indicate a third sub-type (type 3/unclassified) (2) suggesting DLBCL is actually a constellation of related, but genetically disparate diseases (4, 5). Current first line treatment for DLBCL involves Immunochemotherapy, with an anti-CD20 monoclonal antibody (mAb), usually rituximab, in combination with cyclophosphamide, doxorubicin, vincristine and prednisolone (R-CHOP) (1) which results in long-term remission in more than 60% of cases. However, in a subset of patients, the prognosis remains poor, highlighting an unmet need for alternative therapeutic approaches (6, 7). Furthermore, despite growing knowledge of the under-pinning mutations and oncogenic drivers in DLBCL, new targeted therapeutics have so far failed to deliver improved clinical outcomes, highlighting a need for better models to study DLBCL.

Our aim was to develop a 3D model that was both able to recreate in vitro, to some degree, the DLBCL tumor environment (TME), and provide a suitable platform for the testing of therapeutic agents. It is important to note that the TME is a complex ecosystem comprising a mixture of malignant and non-malignant cells residing within an extracellular matrix (ECM). Regarding lymphomas, the complexity of the TME varies according to type. Scott and Gascoyne (8) proposed three models to describe these differences, with DLBCL falling between the re-education model typified by follicular lymphoma (FL) and the effacement model exemplified by Burkitt lymphoma (BL).

Key cellular components of the TME include cancer-associated fibroblasts (CAF) and tumor-associated macrophages (TAM) whose reciprocal cross-talk, combined with their interaction with other TME constituents, sculpt the natural history of the disease. CAF comprise an heterogeneous cell population originating from a variety of sources (9, 10). The interactions between CAF and other cellular constituents of the TME, mediated via chemical and mechanical signaling, are key to tumor establishment and maintenance (9). Under normal conditions, a clear inter-relationship exists between B cells and the fibro-reticular network, (FRN) of secondary lymphoid organs. This is also observed in pathological conditions (11), particularly in lymphoma and during the formation of tertiary lymphoid structures in the context of inflammation (12). In the case of FL, cross talk between tumor cells and cells of the local FRN drives their differentiation into tumor-supporting lymphoid stroma (13). Similarly in DLBCL, malignant cells and non-malignant TME components have been shown to induce cells of the FRN, specifically Fibroblastic Reticular cells (FRC), to adopt a CAF-like phenotype (14, 15). Furthermore, CAF can promote survival of primary lymphoma cells in-vitro (14, 16), further highlighting the intimate inter-relationship between CAF and tumor cells in the DLBCL TME. Similarities between CAF and normal lymphoid fibroblasts have also been reported (17), with human tonsil derived primary stromal cell cultures shown to support the survival and proliferation of DLBCL cell lines (18). We selected adipocyte derived stem cells (ADSC) as our source of primary human lymphoid-like fibroblasts, as they have previously been utilized as an in vitro model of the lymphoid-stroma polarization associated with follicular lymphoma (FL) (13).

Macrophages are myeloid cells that play key roles in immunity and tissue homeostasis (19). In solid tumors, TAM can originate via local proliferation of tissue resident macrophages or from monocytes recruited to it (20, 21). In DLBCL, the origin of TAM remains unclear, although several studies have linked increased circulating monocyte frequencies with poor prognosis (22), suggesting a role for monocytes as TAM precursors. Although an over-simplification, it has been proposed that in established tumors, TAM feature an M2/anti-inflammatory-like phenotype supporting tumor growth and suppressing immune responses; while soluble factors produced by both malignant and non-malignant cells and constituents of the ECM within the TME provide reciprocal support for the TAM [as recently reviewed, (23)]. Of relevance to treatment of DLBCL, it has previously been shown that M2-like macrophages typically feature a lower ratio of activatory:inhibitory (A:I) Fc gamma receptor (FcγR) expression than their pro-inflammatory “M1-like” counterparts (24). Engagement of activatory FcγR on macrophages by mAb such as rituximab is proposed to play a key role in determining their anti-tumor efficacy (25, 26). Therefore, treatments that can increase the A:I FcγR expression ratio have the potential to augment mAb immunotherapy and overcome tumor suppression as we recently demonstrated with STING agonists (24) in mouse models.

Modeling the complex interactions of the TME in vitro with primary human material is challenging. Nevertheless, 3D co-culture systems are attractive, allowing the combination of key cellular populations in an environment that can also recreate, to some degree, the in vivo spatial inter-relationships. Several different 3D techniques have been developed, each with their own limitations (27, 28). Scaffolding-based systems offer the flexibility of combining pre-selected cell populations in the context of a 3D matrix. Therefore, we elected to develop a scaffold-based system that would allow the combination of human primary cell populations, including fibroblasts, myeloid cells and tumor cells, within a Type I collagen-based 3D extracellular matrix, with the aim of recapitulating a DLBCL-like TME featuring key cell populations implicated in mediating and modulating the activity of anti-CD20 mAb.

Using this system, we demonstrated that normal and malignant human B cells interact with ADSC-derived human lymphoid-like fibroblasts, in the presence or absence of human monocyte-derived macrophages (MDM), in both 2D and 3D spheroid co-cultures. The latter system augmented DLBCL viability and provided a means to assess immune effector assays using therapeutic mAb. Our data indicate this system has the potential to serve as a testbed for novel therapeutics, targeting key cellular constituents of the TME, such as CAF and/or TAM.



Materials and Methods


Primary Human Samples

Ethical approval for the use of human tumor samples was obtained by Southampton University Hospitals NHS Trust from Southampton and South West Hampshire Research Ethics Committee (REC reference 10/H0504/32). Diffuse large B cell lymphoma (DLBCL) cells were acquired from the Human Tissue Authority-licensed School of Cancer Sciences tissue bank at the University of Southampton under ethically approved study (REC reference 228/02/t). Peripheral blood mononuclear cells (PBMC) were obtained from anonymized leucocyte cones from the National Blood Service (Southampton U.K.) and processed within 4 h of preparation. Ethical approval for using human leukocyte cones was obtained by the Southampton University Hospitals NHS Trust from the East of Scotland Research Ethics Committee (REC reference 16/ES/0048). Informed consent was provided in accordance with the Declaration of Helsinki for all samples.



Cell Preparation

PBMC were isolated from leukocyte cones by density gradient centrifugation (Lymphoprep, Axis-Shield, UK). For some experiments, B and T cells were isolated from PBMC using untouched B cell, or Pan-T cell kits, respectively (Miltenyi Biotec, UK). A proportion of PBMC were frozen down in 10% Dimethyl sulfoxide (DMSO) and 90% Fetal Calf serum (FCS, both from Sigma, UK) and stored in liquid nitrogen until required. Frozen PBMC were thawed, washed and counted. Cell viability, determined with trypan blue (Sigma, UK), was typically >90%. Primary human monocyte derived macrophages (MDM) were generated from fresh PBMC as previously described (26). Primary DLBCL samples were thawed, washed, then rested for 1 h at 37°C/5% CO2 prior to dead cell removal via density gradient centrifugation. Recovered cells were counted and viability determined with trypan blue (typically >95%). StemPro™ Human Adipose-Derived Stem Cells (ADSC) were purchased from Thermofisher scientific, UK and stored in liquid nitrogen until use. ADSC were cultured in MesenPRO RS™ medium containing the provided supplement (MesenPRO, GIBCO™, Thermofisher Scientific, UK) according to the manufacturer’s instructions. Low passage number ADSC were generated for use in subsequent experiments, frozen down and stored in liquid nitrogen until required. TrypLE™ Express enzyme (GIBCO™, Thermofisher Scientific, UK) was used to detach ADSC from flasks/wells (see Supplementary Table 1 for volume). The number of cells used to seed flasks/plates (obtained from Corning, UK) is provided in Supplementary Table 1.



Cell Staining and Flow Cytometry

Cells were washed and stained with combinations of fluorescently-labeled antibodies (see Supplementary Table 2 for details of antibody clones and suppliers) on ice for 30 min, washed, fixed (in a 1:10 dilution of red blood cell lysis solution, Biorad, UK), and washed again. Labeled cells were stored at +4°C, protected from light, and run on the indicated flow cytometer within 24 h of staining.



Flow Cytometry Analysis

Harvested cells were washed, stained with Fluorochrome-labeled antibodies and run on a FACSCANTO II (BD Biosciences, UK). Doublets were excluded using side scatter (SSC) and Forward scatter (FSC) height and width, and single cells gated for further analysis.

ADSC-derived fibroblasts were identified as CD45- single cells; differentiation of ADSC in response to each cytokine alone or in combination was determined by the expression of the lymphoid fibroblast markers podoplanin, vascular cell adhesion molecule 1 (VCAM-1, CD106) and intercellular adhesion molecule 1 (ICAM-1, CD54) relative to untreated ADSC. Results are shown as geometric mean fluorescent intensity (MFI).

All flow cytometry analysis was carried out using the FCS express software package (Version 3 Research Edition, Denovo software, USA).




Adipocyte-Derived Stem Cell Differentiation

Adipocyte derived stem cells (ADSC) were differentiated into lymphoid-like fibroblasts according to the protocol designed by Mark Coles and Bridget Glaysher (29) and subsequently developed as an in vitro model of Follicular Lymphoma (FL)-associated lymphoid-stroma polarization (13). ADSC were thawed and cultured until approximately 90% confluent. Cells were harvested and re-plated in 6wp or 12wp in either MesenPRO alone (untreated ADSC) or MesenPRO supplemented with 50 ng/ml IL-4 (in-house), 10 ng/ml TNF-α (Peprotech, UK) or 50 ng/ml Lymphotoxin-α/β (R&D systems, Biotechne, UK), alone or in combination. Plates were cultured for 6 days at 37°C/5% CO2 and refed at day 3. For immunofluorescence studies 1 × 104 ADSC were cultured on 13 mm coverslips (Cellpath, UK) in 24 well-plates (wp) for 5 days in MesenPRO medium with/without cytokines (37°C/5% CO2); immunofluorescent staining was carried out, and images acquired as described below.



Attachment Assay

ADSC were plated in 12wp and cultured for 7 days with/without cytokines. A vial of PBMC was then thawed, washed, counted and viability determined using Trypan blue; only samples with viability ≥80% were used. PBMC were rested for 1 h at 37°C/5% CO2 prior to use. ADSC cultures were washed, 2 × 106 PBMC/well added and the plates incubated for 2 h (37°C/5% CO2). After incubation the plates were imaged using phase contrast microscopy (4× and 10× magnification, Olympus CKX41). Plates were gently washed, and their contents harvested using TrypLE™ express. Recovered cells were stained with antibodies against lymphoid fibroblast markers and CD45 and samples run on a FACSCANTO II. Doublets were excluded and single cells gated as described above. The proportion of CD45+ cells in the samples from co-culture wells was determined using a histogram plot, with the cut-off set with isotype control antibodies. ADSC differentiation into lymphoid-like fibroblasts was confirmed by analyzing ADSC cultured with or without cytokines (see Supplementary Figure 3).


2D and 3D Co-Culture Assays

ADSC were thawed, washed and counted. T75 Flasks were seeded with ADSC (Supplementary Table 1) and cultured for 3 days (37°C/5% CO2). On day −1 ADSC were harvested, washed, resuspended in MesenPRO, plated in 6wp and cultured overnight (37°C/5% CO2). On day 0 the various cellular constituents for the co-cultures were prepared (see above) and resuspended in MesenPRO +/− cytokines, to give the required concentrations (see below) and then placed on ice. ADSC cultures were washed once and 106 of the previously prepared lymphocytes/primary DLBCL cells added to give a lymphocyte/DLBCL to ADSC ratio of 100:1. In some instances, increasing numbers of MDM were also added to give MDM to ADSC ratios of 1, 5, or 10:1. Differentiation controls of ADSC alone cultured with MesenPRO +/− cytokines were set up in parallel. On day 3, plates for 2D culture were refed with fresh MesenPRO +/− cytokines as appropriate. In some cases, a well per condition was harvested and the recovered cells stained with combinations of fluorescently labeled antibodies, and samples run on a FACSCANTO II. All wells to be used for 3D co-culture, were harvested using TrypLE™ express, the cells pelleted (400g, 5 min, full brake), all supernatant removed, and the cells placed on ice. Type I collagen (Scientific Laboratory Supplies, UK) and 10× DMEM (Sigma, UK), were mixed on ice; 1M NaOH (Sigma, UK) was added incrementally until the solution turned bright pink (neutral pH). The collagen solution was further diluted with ice cold MesenPRO +/− cytokines to obtain a 1 or 2 mg/ml collagen solution. Working on ice, each cell pellet was resuspended in 120 µl of ice-cold collagen solution and mixed well. Twelve microliters of this cell mixture was transferred to the reverse of a 6wp lid, generating 10 spheroids. The lid was then carefully inverted and placed over the base of a 6wp containing MesenPRO +/− cytokines, as required, and incubated for 30 min at 37°C/5%CO2 to allow the collagen to set. Once set, the spheroids were gently lifted with forceps (Fisher Scientific, UK), and transferred to the appropriate well. These plates were transferred to an incubator (37°C/5% CO2). On day 4, the 3D collagen spheroid cultures were transferred to new 6wp containing fresh MesenPRO +/− cytokines. 2D and 3D cultures were re-fed on Day 6; in some cases, 10 µg/ml of an irrelevant isotype control (trastuzumab) or rituximab was added to 3D spheroid co-cultures at 44 or 20 h prior to the end of the culture. At the end of the culture, a proportion of spheroids were prepared for either immunofluorescence microscopy or embedding in paraffin (see below). The remaining spheroids were washed 3 times, transferred to microcentrifuge tubes and pulsed briefly (Eppendorf Microfuge, 2000g). The supernatant was discarded and 250 µl/tube of 0.4 mg/ml Liberase TL (Roche, UK), added. Samples were incubated in a shaking heated block (Eppendorf, UK) for 10 min at 37°C. Up to 3 further 5-min incubations were performed, where necessary, to ensure spheroids were completely digested. The reaction was quenched by adding 1 ml of complete RPMI (cRPMI: RPMI supplemented with 2mM Glutamine, 1mM Pyruvate, and 100 IU/ml Penicillin/Streptomycin (all from GIBCO, UK) and 10% FCS). Cells were spun down (Eppendorf microcentrifuge, 5 min, 500g, room temperature) and washed twice in 1 ml of PBS (Severn Biotech Ltd, UK) supplemented with 2mM EDTA (VWR, UK). In some experiments, cells recovered from 2D cultures and 3D collagen spheroids were stained with the eBioscience fixable live/dead stain (Invitrogen, UK) according to the manufacturer’s instructions prior to staining with combinations of fluorescently labeled antibodies. All samples were run on a FACSCANTO II. Doublets were excluded, and single cells gated for further analysis. ADSC-derived fibroblasts were identified as CD45- single cells; the degree of differentiation of ADSC in the various 2D and 3D mono and co-culture conditions was assessed by the expression of the fibroblast markers podoplanin, VCAM-1 and ICAM-1 relative to untreated ADSC. Results are shown as geometric mean fluorescent intensity (MFI). Cell viability was determined as the proportion of cells that were live/dead viability stain negative. For a given experiment, all 2D and 3D mono and co-cultures were set up in parallel, using the same cell constituents. For 2D immunofluorescence studies 1 × 106 primary human B cells or primary DLBCL cells were co-cultured with 1 × 104 ADSC to give a ratio of 100 B cells/primary DLBCL cells: 1 ADSC on coverslips as described above. Immunofluorescent staining and imaging were carried out as described below.



CFSE-Labeling

Primary DLBCL cells were resuspended at 10 × 106 cells/ml in warm PBS and labeled with 2.5 µM or 5 µM CFSE (Molecular probes, UK) for 15 min at room temperature, protected from light. 5 volumes cRPMI was added and the cells incubated on ice for 5 min. Cells were washed twice in 5 volumes of cRPMI, prior to resuspension at 5.0 x106 cells/ml.



2D Antibody-Dependent Cell Phagocytosis (ADCP) Assay

CFSE-labeled primary DLBCL cells were used as the target cell population and MDM as the effector cell population in standard ADCP assays, performed as previously described (30). Briefly, CFSE-labeled primary DLBCL cells were, washed, and opsonized with 10 µg/ml of an irrelevant antibody control (trastuzumab) or rituximab. Opsonized target cells were co-cultured with pre-plated MDM at a target:effector ratio of 5:1 for 60 min (37°C/5% CO2). 1.5 µl of an in-house labeled anti-FcγRIII APC mAb (see Supplementary Table 2) was then added to the required wells, and the plate incubated at room temperature for 20 min protected from light. The plates were then gently washed, 140 µl of cold PBS added per well, and the plate incubated on ice for 30 min to 1 h, protected from light. Working on ice, each well was scraped, and its contents transferred to a flow cytometry tube (BD Biosciences, UK), prior to running on a FACSCalibur (BD Biosciences, UK). A minimum of 1,000 events/tube were collected. A macrophage gate was drawn according to Forward and Side scatter characteristics and the degree of ADCP determined as the % of FcγRIII+ macrophages co-staining with CFSE.



3D ADCP Assay

ADCP in 3D collagen spheroid co-cultures treated with 10 µg/ml of rituximab or isotype control (trastuzumab) was determined as follows. Cell suspensions recovered from 3D co-cultures containing ADSC, CFSE-labeled DLBCL and MDM were stained with an antibody panel including CD45 and CD11b and run on a FACSCanto II. Following doublet exclusion, the proportion of CFSE+ CD11b+ cells within an SSC high CD45+ gate was determined; the CFSE cut off was set using unlabeled DLBCL recovered from spheroids cultured in parallel, while an isotype control was used to set the cut off for CD11b. The proportion of DLBCL cells recovered from mAb-treated spheroids was identified as the percentage of SSC low CD45+ single cells. The expression of CD19, CD20 and FcγRIIB on these cells was assessed by flow cytometry in three experiments. The expression levels of these markers on DLBCL recovered from treated spheroids were normalized relative to those on DLBCL recovered from their untreated counterparts, run in parallel.



Immunofluorescence Staining

Coverslip mono and co-cultures: coverslips were washed, fixed with 4% paraformaldehyde (PFA (Sigma, UK), prepared in house) for 20 min at room temperature, then washed again. Coverslips were blocked with a 2.5% solution of normal goat serum (NGS, Thermofisher Scientific, UK) in PBS for 2 h at room temperature, or overnight at +4°C. When required, permeabilization with PBS/0.15% Triton X-100 (Sigma, UK) for 10 min, followed by a PBS wash was carried out prior to blocking. After blocking, coverslips were washed and incubated with anti-human VCAM-1 and anti-human podoplanin (see Supplementary Table 2 for details) for 1 h at room temperature. Samples were then washed and stained with the species-appropriate secondary antibodies (Supplementary Table 2) for 45 min, protected from light. Samples were washed blocked in PBS/2.5% normal mouse serum (NMS, Thermofisher Scientific, UK) for 30 min, then stained with directly conjugated anti-human ICAM-1 Alexa 647 (Supplementary Table 2) for 1 h at room temperature protected from light. After incubation, coverslips were washed, and stained with DAPI (1µg/ml, Molecular probes, UK) in PBS for 10 min at room temperature protected from light, washed twice more and mounted on slides (2 coverslips/slide) in Vectashield (Vector Labs, UK). Slides were left for 15 min to allow the Vectashield to permeate cells, and then sealed. Slides were stored for no more than 8 days at +4°C, protected from light, prior to imaging on a confocal microscope (Leica SP5, Leica, UK) with a 40× oil immersion objective. Images were acquired and processed using LAS-AF Lite software version 4.0 (Leica UK, free download).



Whole Mount Staining of 3D Spheroid Cultures

Three to four collagen spheroids per culture condition were fixed in 4% PFA for 20–30 min at room temperature, washed three times with PBS and then stored at 4°C until staining. Prior to staining, one to two spheroids/condition were transferred to a flat-bottomed 96wp (Corning, UK), with all subsequent steps carried out in the plate. Spheroids were permeabilized with PBS/0.15% Triton X-100, washed three times with PBS and then blocked with PBS/2.5% of the appropriate animal serum at room temperature for 2 h protected from light. Following blocking, spheroids were stained with a primary antibody diluted to the appropriate concentration in PBS/2.5% appropriate animal serum/0.15% Triton-X-100 (Supplementary Table 2). After overnight incubation at 4°C, protected from light, spheroids were washed 4 times with PBS and stained with the appropriate fluorochrome-labeled secondary antibody diluted in PBS + 2.5% of the appropriate species-specific serum (Supplementary Table 2). For CD68 staining a 1:100 dilution of CD68 in PBS/2.5% NGS/0.15% Triton X-100 was added to the spheroid containing wells and incubated overnight at +4°C. Wells were washed and the appropriate secondary antibody, diluted in PBS+2.5% NGS, was added and the plate incubated for 1 h at room temperature, protected from light. Wells were washed with PBS. Where applicable, staining for ICAM-1 was performed after this step. Spheroids were blocked with PBS/2.5% NMS for 30 min, washed and stained with 1:50 dilution of mouse anti-human ICAM-1 Alexa 647 in PBS/2.5% NMS for 1 to 2 h. Following staining, cells were washed 3 times with PBS. Spheroids were counterstained with 10 µg/ml DAPI for 10–15 min, washed with PBS and the spheroids stored in PBS at 4°C until imaged. Spheroids were transferred to ibidi glass bottomed slides (Thistle Scientific, UK) prior to imaging on a confocal microscope (Leica SP5 or SP8, Leica, UK) with a 63× oil immersion objective. Images were acquired and processed using LAS-AF Lite software, version 4.0 (Leica, UK, free download).



Immunohistochemical Staining

Formaldehyde fixed paraffin embedded (FFPE) sections of normal human tonsil tissues and tissue microarrays (TMA) constructed from archival ABC and GCB DLBCL diagnostic biopsy samples were provided by the Research Histology Unit, University Hospital Southampton NHS Foundation Trust. Several collagen spheroids per culture condition were randomly selected for formalin fixation and subsequent paraffin embedding. Spheroids were washed in PBS and fixed in a 10% formalin solution (Sigma, UK). Paraffin embedding and sectioning was carried out by the Histochemistry Research Unit, University Hospital Southampton NHS Foundation Trust. Three-micrometer sections were cut and transferred to slides. Collagen spheroid and TMA sections were stained by immunohistochemistry (IHC) using the fully automated BOND MAX or BOND RX IHC staining instruments (Leica Biosystems, U.K.) using BOND reagents (Leica Biosystems, U.K.) according to the manufacturer’s instructions. Antibodies were diluted in BOND™ Primary Antibody Diluent (Leica Biosystems, UK). Briefly, sections were deparaffinized, pre-treated for heat-induced Ag retrieval (BOND ER1, or ER2 protocol), and incubated with hydrogen peroxide followed by the indicated antibody. The antibody was subsequently bound to the Poly-HRP IgG reagent before incubation with 3,3′-diaminobenzidine (DAB). The sections were subsequently incubated with the indicated antibody, which was then bound to the Post Primary IgG linker reagent. The substrate chromogen Fast Red was then applied. All sections were counterstained using hematoxylin and mounted in CV Ultra mounting media (Leica Biosystems, UK). Slides were imaged at 4×, 10×, and 40× magnification with an Olympus CKX41 microscope. Single color IHC DAB staining of normal human tonsil tissue sections was carried out to validate antibodies and confirm the expression/co-localization of fibroblast markers in lymphoid tissue (Supplementary Figure 1).



Cluster Count and Average Cluster Size Analysis

Phase contrast images of 2D co-cultures of ADSC and B cells or primary DLBCL cells were taken with an Olympus CKX41 microscope. Cluster numbers and average size were analyzed using ImageJ (31). Briefly, images were converted to binary and a size exclusion of 1,000 pixel units was applied to eliminate small clusters of B/DLBCL cells. The clusters were then manually counted, and their area measured using ImageJ.



Statistical Analysis

All statistical analyzes were performed using Graphpad Prism Version 8.2.1. Two group comparisons were made with unpaired or paired t tests. One-way analysis of variance (ANOVA) was used to compare the expression of markers on ADSC-derived fibroblasts recovered from 2D and 3D mono and co-cultures. Each experiment utilized a single batch of PBMC/DLBCL and MDM combined with ADSC, thus data sets from a single experiment were treated as paired data. We assumed a Gaussian distribution. If a data set was missing from an experiment, a mixed effects model was applied. The recommended Sidak test for multiple comparisons was applied, to both one-way ANOVA and mixed effects tests. p values <0.05 were considered significant; statistical significance was denoted as follows: *p<0.05, **p<0.01 ***p<0.001 and ****p<0.0001.




Results


Primary DLBCL Cells Die In Vitro

The DLBCL TME is complex, with tumor cells interacting with stroma and immune cells (32). To assess TME cellular architecture in more detail we constructed tissue microarrays (TMA) from archival ABC and GCB DLBCL diagnostic biopsy samples and applied IHC for appropriate cell-specific targets. Prior to this, staining of tonsil tissue was used to validate antibodies and determine the expression/co-localization of fibroblast markers in normal lymphoid tissue (Supplementary Figure 1). Both lymphoid fibroblasts, positive for alpha-smooth muscle actin (α-SMA), podoplanin and VCAM-1, and CD20+ DLBCL cells were observed in close proximity to CD68+ macrophages (Figure 1A). These observations demonstrate the complex nature of the DLBCL microenvironment and confirm the presence of a heterogeneous network of cell-cell interactions. Next, we assessed the dependence of primary DLBCL cells on their microenvironment for survival. Primary DLBCL were thawed and, following dead cell removal, cultured for 7 days in vitro. Over this time, nearly all the DLBCL cells died (viability <2%, Figure 1B). In contrast, the relative proportion of CD3+ T cells significantly increased in these cultures, reflecting the specific loss of DLBCL cells during culture (Figure 1C). These observations confirm that a more complex in vitro multicellular model, better recapitulating the in vivo microenvironment, is required to support primary DLBCL cell survival in vitro.




Figure 1 | Primary diffuse large cell B cell lymphoma (DLBCL) cells exist within a complex multicellular environment and die in vitro. (A) Double immunohistochemistry (IHC) staining of DLBCL cells (CD20, brown) or lymphoid fibroblasts [alpha smooth muscle Actin (α-SMA), podoplanin, and VCAM-1 (brown)] and macrophages (CD68, red) of activated B cell-like (ABC) (left hand panels) and germinal-center B cell-like (GCB) (right-hand panels) DLBCL tumor micro-array samples, demonstrating the close interaction of all three cell types within the tumor microenvironment. Scale bars: 200 µm, inset image, 50 µm main image. (B) Representative histograms of live/dead viability staining of primary DLBCL cells pre (day 0, black line) and post 6 days of in vitro culture (grey line); marker denotes the cut-off for live staining (dead cells stain more intensely). Graph shows pre- and post-culture viability, each filled circle represents an independent experiment. Statistical significance between groups was assessed using a paired two tailed t-tests, ****p < 0.0001. (C) Representative histograms showing CD3 staining in primary DLBCL cell suspensions before (day 0) and after 6 days of in vitro culture. Graph shows pre- and post-culture percentages of CD3+ lymphocytes, each filled circle represents an independent experiment. Statistical significance between groups was assessed using a paired two tailed t-tests, ****p < 0.0001.





Human Adipocyte-Derived Stem Cells Can Be Differentiated Into Lymphoid Stroma

Human ADSC are multi-potent mesenchymal stem cells, isolated from human adipose tissue, with the capacity to differentiate into different cell types dependent upon their cytokine milieu (33, 34). Data from animal studies indicate a key role for LT-β in driving the differentiation of adipocyte precursors into lymph node stromal cells (35). Similarly, in an in vitro model of FL, Pandey et al. (13) showed stimulation of human ADSC with LT-α/β and TNF-α resulted in their differentiation into lymphoid fibroblasts expressing VCAM-1 and ICAM-1, with subsequent addition of IL-4 modulating the phenotype of these cells. Simultaneous treatment of ADSC with all three cytokines has been shown to upregulate cell-surface markers typical of lymphoid fibroblasts, such as α-SMA, podoplanin and the adhesion molecules ICAM-1 and VCAM-1 (29). Therefore, we attempted to develop these cells as a route toward reconstructing the DLBCL TME.

Under standard culture conditions, ADSC expressed low levels of podoplanin and ICAM-1 and lacked expression of VCAM-1, as confirmed by Flow cytometry and IF microscopy (Figure 2A). Treatment of ADSC with LT-α/β, TNF-α, and IL-4 alone or in combination confirmed that all three cytokines were required to drive differentiation into lymphoid-like fibroblasts, as indicated by increased podoplanin and ICAM-1 expression and induction of VCAM-1 expression (Figure 2B). Immunofluorescence microscopy of ADSC treated with the cytokine combination confirmed our flow cytometry data (Figure 2C). We also demonstrated that these cells are highly dynamic with respect to their differentiation, whereby removal of cytokines resulted in their de-differentiation with a phenotypic switch back to untreated ADSC. Conversely, re-exposure to cytokines resulted in re-expression of the phenotypic markers akin to the original cytokine treated ADSC (Supplementary Figure 2), highlighting the dynamic nature of these cells.




Figure 2 | Adipocyte derived stem cells (ADSC) can be differentiated into lymphoid fibroblasts. (A) Representative histogram overlays of podoplanin, vascular cell adhesion molecule 1 (VCAM-1) and intercellular adhesion molecule 1 (ICAM-1) expression on untreated ADSC after 6 days of culture, isotype controls are shown as filled silver histograms. Right-hand image depicts immunofluorescent staining of ADSC cultured on coverslips in media alone for 5 days, then stained with fluorescently labeled antibodies to podoplanin (green), VCAM-1 (red) and ICAM-1 (cyan), and counterstained with DAPI nuclear stain (blue); the panel depicts the merged image, scale bar, 50 µm. (B) Representative histogram overlays of podoplanin, vascular cell adhesion molecule 1 (VCAM-1) and intercellular adhesion molecule 1 (ICAM-1) expression on ADSC after 6 days of culture with IL-4, LT-α/β, or TNF-α alone, or in combination, isotype controls are shown as filled silver histograms. Graphs show surface expression of ICAM-1, VCAM-1 and podoplanin [Geomean Fluorescence intensity (MFI)] on ADSC cultured under the indicated conditions at day 6 of culture. The mean +/− SD are shown for three independent experiments with each condition performed in triplicate. Statistical significance between groups was assessed using a paired two tailed t-tests, **p < 0.01 ***p < 0.001, and ****p < 0.0001. (C) Images depict immunofluorescent staining of ADSC cultured on coverslips in media supplemented with IL-4, LT-α/β, and TNF-α for 5 days, then stained with fluorescently labeled antibodies against the indicated markers, and counterstained with DAPI; panels depict each channel alone, with the final panel showing the merged channels, scale bar, 50 µm.





ADSC-Derived Fibroblasts Interact With PBMC in Standard 2D In Vitro Cultures

As an initial step in producing successful co-cultures, we assessed whether lymphocytes could interact with ADSC-derived fibroblasts. Using a previously published protocol as a basis (18), we cultured PBMC for 2 h with ADSC, previously cultured in the presence or absence of cytokines for 7 days, (differentiation confirmed by flow cytometry; Supplementary Figure 3), after which wells were imaged using phase contrast microscopy (Figure 3A) and the recovered cells analyzed by flow cytometry (right-hand panel). The proportion of harvested cells expressing CD45 was higher for cytokine treated ADSC compared to their unstimulated counterparts indicating that PBMC were better able to interact with the former. Next, we added PBMC to ADSC at a ratio of 100:1 and cultured them for 3 days in medium supplemented with cytokines, with ADSC cultured +/− cytokines serving as controls. We noted that expression of lymphoid fibroblast was similarly increased in treated ADSC +/− PBMC relative to non-treated controls (Figure 3B). Given the highly complex cellular make-up of the DLBCL TME (32) and the presence of TAM which has been linked with overall patient prognosis (36, 37) and response to standard of care immunochemotherapy (38, 39), we next assessed the impact of adding increasing numbers of donor-matched MDM (0.1×, 0.5×, and 10 × 105 MDM), to our PBMC/ADSC co-culture system. Increasing numbers of MDM did not significantly impact the expression of lymphoid fibroblast markers on the recovered ADSC-derived fibroblasts (Figure 3B).




Figure 3 | Lymphocytes interact with adipocyte derived stem cells (ADSC)-derived lymphoid fibroblasts. (A) Peripheral blood mononuclear cell (PBMC) were co-cultured with untreated or cytokine treated ADSC for 2 h then washed; post-wash phase contrast images are shown, scale bar, 200 µm. The graph shows the percentage of CD45+ lymphocytes recovered from wells containing untreated or cytokine-treated ADSC after 2 h of co-culture, mean +/− SD of two replicates for three independent experiments is shown. Two group comparisons were made using a paired two-tailed t-test. (B) Representative histogram overlays of podoplanin, vascular cell adhesion molecule 1 (VCAM-1) and intercellular adhesion molecule 1 (ICAM-1) staining at day 3 of culture for untreated and cytokine treated ADSC alone or treated ADSC co-cultured with total PBMC +/− 1 × 105 autologous monocyte-derived macrophages (MDM). Isotype controls are shown as filled silver histograms. Graphs show surface expression of ICAM-1, VCAM-1 and podoplanin for each culture condition at day 3 of culture. Each solid circle represents an independent experiment, bars represent the mean. Two group comparisons were made using one-way ANOVA with Sidak correction for multiple comparisons applied, *p < 0.05, ***p < 0.001.



Next, we isolated B or T cells from PBMC and co-cultured them with ADSC at a ratio of 100:1 for 5 days in the presence or absence of cytokines. The images show that B cells form clusters with ADSC, while T cells are restricted to inter-ADSC spaces (Figure 4A); IF microscopy confirmed that B cells closely associate with ADSC-derived fibroblasts (Figure 4B, B cells indicated by white arrows). We also assessed the impact of B cell co-culture on the ability of cytokines to modulate lymphoid stromal marker expression on ADSC. Co-culture of B cells with cytokine treated ADSC did not significantly alter the expression of lymphoid fibroblast markers compared to cytokine treated ADSC alone (Figure 4C). Overall, these data support the assertion that ADSC differentiated with this cytokine cocktail become B cell supportive.




Figure 4 | B cells rather than T cells interact with adipocyte derived stem cells (ADSC)-derived lymphoid fibroblasts. (A) MACS-purified T or B cells were co-cultured with ADSC in the presence of cytokines for 5 days; phase contrast images are shown. Scale bars: 200 µm, inset image, 100 µm main image. (B) Immunofluorescent staining of ADSC cultured on coverslips in cytokine-supplemented media in the presence of purified B cells, stained with fluorescently labeled antibodies against the indicated markers, and counterstained with DAPI; panels depict each channel alone, with the final panel showing the merged channels, with white arrows indicating nuclei of B cells in close proximity to ADSC-derived lymphoid fibroblasts, scale bar, 50 µm. (C) Representative histogram overlays of podoplanin, vascular cell adhesion molecule 1 (VCAM-1) and intercellular adhesion molecule 1 (ICAM-1) staining at day 6 of untreated and cytokine treated ADSC alone and cytokine treated ADSC co-cultured with MACS-purified B cells, isotype controls are shown as filled silver histograms. Graphs show surface expression of ICAM-1, VCAM-1, and podoplanin for each culture condition at day 5 of culture. Each closed circle represents an independent experiment, and bars represent mean values. Comparisons between groups were made using one-way ANOVA with Sidak correction for multiple comparisons applied, p values < 0.05 were considered significant.





Primary DLBCL Cells Interact With ADSC-Derived Fibroblasts and Modulate Expression of Lymphoid Fibroblast Markers

Given our goal to generate a model of the DLBCL TME, we next established co-cultures combining ADSC with primary DLBCL tumor cells +/− MDM. DLBCL were rested for 1 h, prior to dead cell removal. DLBCL were added at the same ratio as PBMC; in some cases, 1 × 105 MDM were also added. Cells were then cultured in the presence of the cytokine cocktail for up to 8 days. DLBCL interacted with ADSC-derived fibroblasts as determined by IF (merged image panel, Figure 5A, DLBCL indicated by white arrows). Unlike PBMC/ADSC co-cultures, expression of lymphoid fibroblast markers differed in DLBCL/ADSC co-cultures at day 3, with podoplanin expression being significantly increased and ICAM-1 levels significantly decreased as compared to cytokine-treated ADSC alone (Figure 5B). Furthermore, addition of MDM to the co-culture system resulted in increased expression of all three lymphoid fibroblast markers. This pattern of expression was maintained for podoplanin after a further 5 days of culture, whereas VCAM-1 levels increased in DLBCL/ADSC co-cultures and ICAM-1 expression was similarly reduced in both DLBCL/ADSC and DLBCL/ADSC/MDM co-cultures compared to cytokine treated ADSC monocultures (Supplementary Figure 4A). We then analyzed bright field images of cytokine treated ADSC cultured with either B cells or DLBCL and observed that the frequency of clusters in B cell/ADSC co-cultures was significantly higher, and the average cluster size significantly lower, at day 5 than in in DLBCL/ADSC co-cultures (Figure 5C), indicating that fewer, larger clusters are formed in the latter, possibly due to increased migration of DLBCL toward ADSC-derived fibroblasts. Notably, cell viability was maintained at day 3 of culture (Figure 5D) and did not significantly change between day 3 and day 8 across all samples assessed, indicating the pro-survival impact of these co-cultures compared to DLBCL monocultures (Supplementary Figure 4B versus Figure 1B).




Figure 5 | Primary diffuse large cell B cell lymphoma (DLBCL) cells interact with adipocyte derived stem cell (ADSC)-derived lymphoid fibroblasts and modulate expression of lymphoid fibroblast markers. (A) ADSC co-cultured with primary DLBCL on coverslips in cytokine-supplemented media were stained with fluorescently labeled antibodies against the indicated markers, and counterstained with DAPI, panels depict each channel alone. The final panel shows the merged channels, with white arrows indicating nuclei of DLBCL cells in close proximity to ADSC-derived lymphoid fibroblasts, scale bar, 50 µm. (B) Representative histogram overlays of podoplanin, vascular cell adhesion molecule 1 (VCAM-1) and intercellular adhesion molecule 1 (ICAM-1) staining at day 3 for untreated and cytokine treated ADSC alone or treated ADSC co-cultured with primary DLBCL cells +/− 1 × 105 monocyte-derived macrophages (MDM). Isotype controls are shown as filled silver histograms. Graphs show surface expression of podoplanin, VCAM-1 and ICAM-1 for each culture condition after 3 days of culture. Each closed circle represents an independent experiment, bars represent the mean. Group comparisons were made using the one-way ANOVA test with Sidak correction for multiple comparisons, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001. (C) Graphs show cell cluster data calculated using ImageJ, specifically the number of cell clusters (left-hand graph) and average cluster size (right-hand graph). Pooled data from three independent experiments are shown, group comparisons were made using one-way ANOVA with Sidak correction for multiple comparisons, **p < 0.01. (D) Graph depicting percentage viability of primary DLBCL after 3 days of culture with ADSC-derived lymphoid fibroblasts, each symbol represents data from an independent experiment, bar represents the mean.



Given our observation of phenotypic alterations in cytokine-treated ADSC co-cultured with DLBCL and MDM, we next assessed whether the impact of cytokine withdrawal on ADSC-derived fibroblast phenotype would be lessened in this context. At day 3 co-culture, wells were either maintained in cytokine-supplemented media or switched to media alone for a further 5 days. The phenotype of ADSC-derived lymphoid fibroblasts was then assessed by flow cytometry. Removal of cytokines in the context of 2D co-cultures resulted in a reduction, but not total loss of lymphoid fibroblast marker expression on ADSC with podoplanin being the only marker significantly lower following cytokine withdrawal compared to co-cultures treated with cytokines throughout. Moreover, all three lymphoid fibroblast markers were maintained at higher levels in 2D co-culture following cytokine removal than in unstimulated ADSC (Supplementary Figure 4C). These data suggest that the phenotype of ADSC-derived lymphoid fibroblasts can be partially stabilized by primary DLBCL cells and MDM upon cytokine removal, indicating 2D co-culture generates, to some degree, a mutually supportive environment.

Overall, our data indicate that interactions between ADSC-derived lymphoid fibroblasts and primary DLBCL cells are qualitatively different from those observed in PBMC/ADSC co-cultures. A marked increase in podoplanin, a recognized marker of CAF, suggests interactions between ADSC-derived lymphoid fibroblasts and DLBCL drive the former toward a more CAF-like phenotype. The observed reduction in ICAM-1 expression in co-cultures suggests this adhesion molecule may be involved in the observed inter-cellular interactions, particularly as its expression decreased during culture.



Generation of 3D Collagen Spheroid Co-Cultures

Having shown that both PBMC and DLBCL cells differentially interact with ADSC-derived lymphoid stroma in standard 2D tissue culture, we next investigated whether these interactions would be maintained and potentially enhanced in the context of 3D cultures. We chose a scaffold-based system that would allow the incorporation of the previously tested 2D co-cultures into a Type I collagen-based extracellular matrix, generating 3D spheroids that could be subsequently cultured. Figure 6A illustrates the steps involved. Post-culture, the recovered spheroids were subdivided and either disaggregated and analyzed by flow cytometry, directly stained for immunofluorescence, or fixed in formaldehyde prior to embedding in paraffin and sectioning, for subsequent staining by IHC.




Figure 6 | Peripheral blood mononuclear cell (PBMC) interact with adipocyte derived stem cell (ADSC)-derived fibroblasts in 3D collagen spheroid co-cultures. (A) Images demonstrating the culture techniques used to generate 3D collagen spheroid co-cultures. Day 3 ADSC, PBMC monocyte-derived macrophage (MDM) 2D co cultures (first panel), 12 µl droplets of cells suspended in Type-I collagen (second panel), 3D collagen spheroid co-cultures in six well-plate (third panel). The final panel depicts a phase contrast image of a 3D collagen spheroid co-culture at day 8 of culture, scale bar 200 µm. (B) Left-hand panel: Whole-mount staining of a 3D collagen spheroid co-culture containing ADSC (ICAM-1, cyan) and PBMC [B cells, CD20 (green), T cells, CD3 (red)], counterstained with DAPI nuclear stain (blue). White arrows indicate B cells in close association with ADSC-derived lymphoid-like fibroblasts, scale bar, 50 µm. Right-hand panel; representative double immunohistochemistry (IHC) staining of formaldehyde fixed paraffin embedded (FFPE) sections of collagen spheroid co-cultures containing ADSC-derived lymphoid fibroblasts (podoplanin and VCAM-1, red), PBMC, and MDM (CD68, brown), scale bars 100 µm and 50 µm for upper and lower images, respectively. (C) Representative histogram overlays of podoplanin and ICAM-1 staining of untreated and cytokine treated ADSC alone or cytokine treated ADSC co-cultured with PBMC +/− 105 autologous MDM recovered from 3D collagen spheroid cultures after 8 days of culture, isotype controls are shown as filled silver histograms. Graphs show surface expression of podoplanin and ICAM-1 on lymphoid fibroblasts for each culture condition at day 8 of culture. Each closed circle represents data from an independent experiment, bars represent the mean. Group comparisons were made using the one-way ANOVA test with Sidak correction for multiple comparisons; p values < 0.05 were considered significant, *p < 0.05.



3D collagen spheroid co-cultures, stained and analyzed by IF microscopy, revealed ADSC-derived lymphoid fibroblasts (ICAM-1-positive cells) and B cells (CD20 positive cells) were in close proximity to each other (Figure 6A, left-hand panel, white arrows). IHC of 3 µm sections generated from FFPE 3D spheroids, stained for MDM (CD68) and lymphoid fibroblast markers (podoplanin and VCAM-1) showed that these populations also interacted with each other in a 3D context (Figure 6B, right-hand panel). The pattern of fibroblast marker expression on ADSC-derived lymphoid fibroblasts isolated from 3D spheroid PBMC co-cultures, as determined by flow cytometry (Figure 6C), differed to that seen in 2D co-cultures (see Figure 3B). Notably we were unable to detect VCAM-1 post-disaggregation, irrespective of the anti-human VCAM-1 antibody used (Supplementary Figure 5A), although IHC revealed the presence of VCAM-1 positive cells in sections from cytokine-treated 3D collagen spheroid cultures (Figures 6B and 7A, and Supplementary Figure 5B). Although podoplanin expression on ADSC-derived lymphoid fibroblasts recovered from cytokine-treated 3D collagen spheroids was significantly higher compared to those from untreated controls, its expression on ADSC-derived lymphoid fibroblasts recovered from 3D PBMC/ADSC spheroid co-cultures, irrespective of the presence of MDM, was similar to that of untreated controls. ICAM-1 expression levels on ADSC-derived lymphoid fibroblasts recovered from cytokine-treated 3D spheroids were lower than seen in their 2D counterparts, but the pattern was similar, with significantly increased expression on cells recovered from cytokine treated 3D ADSC monocultures and 3D PBMC/ADSC co-cultures (Figure 6C). Overall, these flow cytometry data suggest a qualitative difference in the interaction of cell populations in 3D versus 2D ADSC/PBMC co-cultures.




Figure 7 | Primary diffuse large cell B cell lymphoma (DLBCL) cells interact with adipocyte derived stem cell (ADSC)-derived fibroblasts in 3D collagen spheroid co-cultures. (A) Left-hand panel: Whole-mount staining of a 3D collagen spheroid co-culture containing ADSC (ICAM-1, cyan), primary DLBCL cells (CD20, green), and monocyte-derived macrophages (MDM) (CD68, red), counterstained with DAPI (blue). White arrows indicate DLBCL cells in close association with ADSC-derived lymphoid-like fibroblasts and MDM, scale bar, 50 µm. Right-hand panel; representative double IHC staining of FFPE sections of 3D spheroid co-cultures containing ADSC-derived lymphoid fibroblasts (podoplanin and VCAM-1, brown), primary DLBCL cells and MDM (CD68, red), scale bars 100 µm and 50 µm for upper and lower images, respectively. (B) Representative histogram overlays of podoplanin and ICAM-1 staining of untreated and cytokine treated ADSC alone or treated ADSC co-cultured with primary DLBCL cells +/− 1 × 105 MDM recovered from 3D collagen spheroid cultures after 8 days of culture, isotype controls are shown as filled silver histograms. Graphs show surface expression of podoplanin and ICAM-1 for each culture condition at day 8 of culture. Each closed circle represents an independent experiment, bars represent the mean. Group comparisons were made using a one-way ANOVA with Sidak correction for multiple comparisons; p values < 0.05 were considered significant, *p < 0.05, **p < 0.01, ***p < 0.001. (C) Viability of primary DLBCL cells recovered from 3D collagen spheroid co-cultures after 8 days of culture, each symbol represents data from an independent experiment, bars represent the mean (left-hand graph). (D) Comparison of the viability of primary DLBCL recovered from 2D co-cultures or 3D spheroid co-cultures cultured in parallel for 8 days (right-hand graph). Each pair of linked filled circles represents data from an independent experiment. Two group comparisons were made using a paired t-test; p values <0.05 were considered significant, ns, not significant.





Interactions Between Primary DLBCL Cells and ADSC-Derived Fibroblasts Persist in 3D Collagen Spheroids

We next applied our 3D collagen spheroid protocol to primary DLBCL cells. Fluorescence microscopy of immunostained 3D collagen spheroid co-cultures revealed ADSC-derived lymphoid fibroblasts (ICAM-1), DLBCL cells (CD20) and MDM (CD68) in close proximity to each other (Figure 7A, left-hand panel, white arrows). IHC corroborated the close interaction of these populations in 3D collagen spheroid co-cultures (Figure 7A, right-hand panels). Of note, the pattern of both podoplanin and ICAM-1 expression on ADSC-derived lymphoid fibroblasts recovered from 3D spheroid co-cultures (Figure 7B) was very similar to that observed in day 8 2D co-cultures (Supplementary Figure 4). The viability of DLBCL recovered from 3D collagen ADSC/DLBCL/MDM spheroid co-cultures was also maintained (Figure 7C). Moreover, there was no significant difference between the viability of cells recovered from 3D and parallel 2D co-cultures harvested at this time point (Figure 7D).

To assess the impact of cytokine withdrawal on ADSC-derived lymphoid fibroblast phenotype in the context of 3D spheroid co-cultures, we generated 3D DLBCL/ADSC/MDM spheroid co-cultures as previously described, and then cultured them in medium +/− cytokines for 5 days. Cultures were then stopped, and the phenotype of the recovered ADSC-derived fibroblasts assessed by flow cytometry. Unlike 2D co-cultures where cytokine removal resulted in a reduction, but not total loss of lymphoid fibroblast marker expression (Supplementary Figure 4C), ADSC-derived lymphoid fibroblasts recovered from 3D collagen spheroid co-cultures cultured in medium alone maintained lymphoid fibroblast marker expression at similar levels to those of cells recovered from 3D spheroids cultured in cytokine-supplemented medium (Supplementary Figure 6A). Furthermore, IHC of spheroids cultured in medium +/− cytokines also showed similar patterns of podoplanin and CD68 expression (Supplementary Figure 6B). These data indicate that the ADSC-derived lymphoid fibroblast phenotype is maintained in the 3D co-culture environment even in the absence of cytokines. Overall, these data provide further evidence that ADSC-derived lymphoid fibroblasts, DLBCL cells and MDM can interact and that, in the context of 3D collagen spheroid co-cultures, generate a self-sustainable environment. The maintenance of primary DLBCL cell viability in the context of the 3D co-culture system further supports this observation and indicates that the system could be adapted to study the impact of therapeutic agents.



DLBCL Are Targets for Antibody Dependent Cellular Phagocytosis in 2D and 3D Models

Current standard of care for many lymphomas, including DLBCL, involves anti-CD20 mAb (40), with ADCP being one of its main modes of action. Therefore, we next explored the suitability of primary DLBCL as targets for phagocytosis in our model systems, comparing conventional 2D and 3D cultures. To this end, DLBCL were labeled with CFSE, and treated with either 10 µg/ml of irrelevant control or anti-CD20 mAb (rituximab) and phagocytosis assessed in a standard 2D ADCP assay (30). In this assay rituximab opsonized DLBCL were preferentially phagocytosed compared to controls (Supplementary Figure 7A). Having established the suitability of DLBCL as targets for rituximab mediated ADCP, we next assessed whether we could measure this activity in our standard 3D collagen spheroid co-culture system. Thus, we generated spheroid co-cultures as described, using CFSE-labeled primary DLBCL cells; cultured them as before, with the addition 10 µg/ml of control or rituximab mAb 44 h prior to the end of culture. Cells were recovered and assessed by flow cytometry; following doublet exclusion, SSC high CD45+ cells were gated, and the proportion of CD11b+ CFSE+ cells within this population used to determine the level of phagocytosis. Only 1 of the 5 rituximab-treated spheroid co-cultures demonstrated increased ADCP, relative to their control-treated counterparts (data not shown). Nevertheless, IHC of FFPE sections from control- or rituximab-treated 3D collagen spheroid co-cultures, stained for DLBCL cells (CD20) and MDM (CD68) showed that these cell populations clearly interacted with each other (Figure 8A). As a next step, we assessed ADCP in spheroids generated with a lower collagen concentration (1 mg/ml) to determine whether this would generate a less rigid matrix that might facilitate higher levels of phagocytosis. We showed that ADSC recovered from cytokine-treated spheroids composed of 1 mg/ml collagen featured significantly increased levels of podoplanin and ICAM-1 compared to unstimulated controls (Supplementary Figure 7B).




Figure 8 | Treatment of 3D spheroid co-cultures with rituximab can induce antibody dependent cell phagocytosis (ADCP). (A) Representative double immunohistochemistry (IHC) staining of formaldehyde fixed paraffin embedded (FFPE) sections of 2 mg/ml collagen spheroid co-cultures containing adipocyte derived stem cell (ADSC)-derived lymphoid fibroblasts, primary diffuse large cell B cell lymphoma (DLBCL) cells (CD20, brown), and monocyte-derived macrophages (MDM) (CD68, red) cultured with 10 µg/ml of a control antibody (trastuzumab, left-hand panel) or rituximab (right-hand panel) for 44 h prior to harvest, scale bars 100 and 50 µm for upper and lower images, respectively. (B) Representative dot plots illustrating the percentage phagocytosis in cells recovered from 1 mg/ml collagen spheroid co-cultures treated with 10 µg/ml of control antibody (left-hand panel) or rituximab (right-hand panel) for 20 h prior to harvest; the graph shows the % phagocytosis in cells recovered from control antibody-treated and rituximab-treated 3D collagen spheroid co-cultures, each pair of linked filled circles represents data from an independent experiment. Two group comparisons were made using a paired two-tailed t test. (C) Representative dot plots illustrating the percentage of DLBCL recovered from 1 mg/ml collagen spheroid co-cultures treated with 10 µg/ml of control antibody (left-hand panel) or rituximab (right-hand panel) for 20 h prior to harvest; the graph shows the % of DLBCL cells recovered from control- and rituximab-treated 3D collagen spheroid co-cultures, each pair of linked filled circles represents data from an independent experiment. Two group comparisons were made using a paired two-tailed t test, p values <0.05 were considered significant. (D) Representative histograms showing the expression of CD20 (left-hand panel) and FcγRIIB (right-hand panel) on primary DLBCL recovered from 1 mg/ml collagen spheroid co-cultures treated with 10 ug/ml of control antibody (trastuzumab) or rituximab for 20 h prior to harvest. Graph shows the fold-change in the expression of CD20 (left-hand graph) and FcγRIIB (right-hand graph) on primary DLBCL recovered from rituximab-treated spheroid co-cultures relative to those recovered from control mAb-treated spheroids, values have been normalized relative to untreated controls. Each filled circle represents a single independent experiment. Two group comparisons were made using a paired t-test; p values < 0.05 were considered significant, **p < 0.01.



We next assessed ADCP in these 3D spheroid co-cultures (1 mg/ml collagen) treated with mAb for the last 20 h of culture. We observed moderately increased ADCP following rituximab versus control mAb treatment in three of four experiments (Figure 8B), suggesting that the reduced collagen concentration had resulted in conditions more favorable for ADCP. Furthermore, we observed a reduction in the proportion of DLBCL, defined as the percentage of SSC low CD45+ single cells, recovered from rituximab-treated 1 mg/ml collagen spheroids as compared to their control-treated counterparts (Figure 8C).

Finally, to assess rituximab’s ability to enter collagen spheroid co-cultures and subsequently target the DLBCL cells within them, we assessed levels of two molecules expressed by DLBCL cells that interact with rituximab, its target molecule CD20 and the inhibitory FcγRIIB (CD32B) able to bind rituximab’s Fc region (30). Both CD20 and FcγRIIB staining were reduced on DLBCL recovered from rituximab-treated compared to control-treated spheroids (Figure 8D), confirming that Rituximab was able to access spheroids and interact with the primary DLBCL cells within them. Overall, these data suggest that 3D spheroid co-cultures, generated using 1 mg/ml collagen offer a potential platform to investigate therapeutic agents targeting either DLBCL cells, or the TME itself.




Discussion

Our aim was to generate a model of the DLBCL-like TME with the potential to serve as a platform to assess therapies targeting this clinically relevant lymphoma. We chose not to focus on traditional 2D culture techniques, as the complex nature of the DLBCL microenvironment, confirmed by IHC in Figure 1A, would be difficult to recapitulate using this approach. Moreover, our observation that 98% of primary DLBCL cells died when cultured alone in vitro (Figure 1B) indicates that these cells require a culture system that effectively mimics the complex multicellular TME to support tumor cell survival in vitro. One way to achieve this is by using a 3D co-culture approach. Such systems have already been used as tools to study immune function ex vivo (41) and specific cellular constituents of the solid tumor TME, such as macrophages (42, 43), and CAF (44, 45).

Regarding lymphomas, a 3D model of FL combining lymphoma cell lines with dermal fibroblasts on a polystyrene matrix demonstrated enhancement of malignant B cell proliferative capacity compared to 2D stromal cell co-cultures (46). A cell aggregate-based system, utilizing lymphoma cell-lines, has been used to assess the efficacy of anti-CD20 mAb and Natural Killer (NK) cell-mediated ADCC (47–49). Other groups have developed models of the bone-marrow and vascular niches (50, 51) to study resistance to drug-induced apoptosis, while a recent 3D chip-based model of DLBCL, utilizing a variety of primary murine cells, enabled the in vitro modeling of the DLBCL TME and associated microvasculature (52). 3D Bioprinting is another technology currently being explored as a resource to recreate the tumor microenvironment, [recently reviewed by Mao et al. (53)]. Its ability to combine multiple cell types in pre-defined spatial arrays, coupled with the capacity to produce standardized 3D tumor environments lends itself to a precision medicine approach to tumor modeling. None of these models to date exclusively incorporate key primary human cell populations in a biologically relevant 3D matrix. Therefore, we elected to develop a scaffold-based 3D culture system in which cells are seeded on, or encapsulated within, natural or synthetic biomaterials (54) that mimic the ECM of solid tissues (55). This offers the flexibility of combining primary human cell populations identified as relevant for the DLBCL TME, specifically fibroblasts, and those implicated in mediating and modulating the activity of anti-CD20 mAb, macrophages, with primary tumor cells, within a Type I collagen-based 3D extracellular matrix, with the aim of recapitulating a DLBCL-like TME. We favor this approach as the encapsulation of cellular components within a 3D structure enables their recovery as single cell suspensions for downstream processing, as well as facilitating sample preparation for microscopy (FFPE for IHC, and/or whole mount staining for IF microscopy).

We confirmed that 2D culture of commercially obtained ADSC with IL-4, TNF-α and LT-α/β resulted in the generation of fibroblast-like cells, expressing markers associated with lymphoid fibroblasts (29), and that all three cytokines were not only required to drive this process (Figures 2B, C), but also to maintain it (Supplementary Figure 2). Although PBMC preferentially adhered to 2D cultures of cytokine stimulated ADSC (Figure 3A), addition of PBMC, either alone or together with increasing numbers of MDM, did not significantly alter the expression of lymphoid fibroblast markers on cytokine treated ADSC (Figure 3B). Furthermore, though we identified B cells as the lymphocyte population interacting directly with ADSC-derived lymphoid fibroblasts (Figure 4A), B cell/ADSC co-cultures did not alter the phenotype of the recovered ADSC-derived lymphoid fibroblasts (Figure 4B). In contrast, co-culturing cytokine treated ADSC with primary DLBCL cells clearly impacted the expression of podoplanin, VCAM-1, and ICAM-1 on the recovered ADSC, with addition of MDM further modulating this effect (Figure 5B, Supplementary Figure 4A), suggesting that MDM may foster unique interactions between these cells, stroma and primary DLBCL cells. The reduced ICAM-1 expression at both day 3 and 8 of 2D co-culture suggest that this adhesion molecule plays a role in mediating interactions between the three cellular constituents in this context. The observed increase in podoplanin expression was also a characteristic feature of both DLBCL/ADSC and/DLBCL/ADSC/MDM 2D co-cultures, which is notable, given the reported enrichment of the DLBCL stromal-1 gene signature in podoplanin expressing cells, including lymph node FRC (56). The viability of primary DLBCL cells was also maintained in 2D co-cultures for up to 8 days, supporting the ability of our tri-partite co-culture system to provide signals necessary to maintain DLBCL cell survival.

Our next step was to incorporate 2D co-cultures into a Type-I collagen matrix, to generate 3D spheroids (Figure 6A). Enzymatic digestion of these spheroids impacted upon the ability to detect adhesion molecule expression on the recovered ADSC by flow cytometry, reducing ICAM-1 MFI, and rendering VCAM-1 undetectable, indicating that these molecules likely mediate interactions between the ADSC-derived lymphoid fibroblasts and the 3D collagen scaffold. Microscopic assessment of 3D PBMC/ADSC spheroid co-cultures demonstrated that B cells and MDM maintain a close association with ADSC-derived fibroblasts in this context. Expression of lymphoid fibroblast markers on ADSC-derived fibroblasts recovered from 3D spheroid co-cultures differed to that observed for 2D co-cultures (Figures 6C and 3B, respectively), suggesting that the 3D PBMC/ADSC/MDM spheroid co-cultures were qualitatively different to their 2D counterparts. 3D DLBCL/ADSC/MDM spheroid co-cultures also featured close interaction between all three cell populations in the 3D environment, with these associations comparable to those observed in clinical samples (Figure 7A, right-hand panels, and Figure 1A, respectively). Similar to 2D co-cultures, ADSC-derived fibroblasts recovered from 3D collagen spheroid co-cultures featured increased podoplanin expression and decreased ICAM-1 (Supplementary Figure 4A and Figure 7B, respectively). The viability of DLBCL cells recovered from 3D collagen spheroid co-cultures and 2D co-cultures ran in parallel, was similar suggesting that the 3D co-culture system generated an environment compatible for DLBCL cell survival (Figures 7C, D). Interestingly, recent data indicate that BAFF-expressing FRC promote the survival of DLBCL cells in 3D matrix gel co-cultures (14), highlighting a key support role for lymphoid fibroblasts in the DLBCL TME. However, a role for MDM in the improved survival of DLBCL in our system cannot be excluded, given the reported supportive role of monocytes in DLBCL survival and proliferation (57). Further evidence that the 3D spheroid co-culture environment featured supportive interactions between its constituents was provided by the preservation of podoplanin and ICAM-1 expression on ADSC-derived lymphoid fibroblasts recovered from 3D DLBCL/ADSC/MDM spheroid co-cultures following cytokine removal (Supplementary Figure 6A). This ability to compensate for the loss of extrinsic cytokine-derived signals is supported by recent data showing that co-culture of DLBCL cells with human lymph node-derived FRC increased their expression of podoplanin, a process linked to lymphoma secreted lymphotoxins and TNF-α (14).

Although our model is a simplistic representation of the in vivo DLBCL TME, it does include macrophages; these cells usually represent the highest proportion of inflammatory cells in the TME, sometimes as much as 50%, depending on tumor type (58). They are also key effector cells involved in delivering anti-tumor effects through mAb therapy.

Using rituximab as a model therapeutic agent in our 3D co-culture system, we noted increased phagocytosis in rituximab vs control-treated spheroids in three of four experiments (Figure 8B). Furthermore, there was a reduction in the percentage of DLBCL cells recovered from the rituximab-treated spheroids compared to their control-treated counterparts (Figure 8C).

The primary DLBCL cells we used in all our assays, from a single donor, expressed FcγRIIB (Figure 8D), a receptor known to bind the Fc portion of rituximab at the lymphoma cell surface resulting in its internalization and/or trogocytosis (30). The observation of down-regulation of both CD20 and FcγRIIB in rituximab-treated cultures (Figure 8D) suggests that this process may underlie the observed low levels of ADCP. It must be noted that CD20 expression was assessed using an in-house labeled rituximab, so we cannot exclude a competition effect underlying this reduction in CD20 expression. However, the concurrent reduction in CD19 expression on these cells (data not shown) suggests that CD20 and its associated B cell receptor components such as CD19 (59) are being internalized. Blocking of FcγRIIB could potentially overcome this issue (60). Alternatively using a type II anti-CD20 antibody such as obinutuzumab, which is not subject to such marked internalization (26, 30) could result in improved ADCP in our system.

The levels of rituximab mediated ADCP observed in our 3D spheroid co-cultures were low, suggesting that they are potentially antagonistic to ADCP, given the activity of the MDM in 2D cultures (Supplementary Figure 7A). This raises the possibility that a similar environment may exist in the DLBCL TME in vivo. The limited ADCP that we observed does, however, provide the opportunity to test agents that repolarize macrophages to a more phagocytic phenotype. Ligands that target pattern recognition receptors expressed by macrophages such as Pam3CSK4, as well as STING agonists, have been shown to enhance ADCP by altering the relative expression of activatory and inhibitory FcγRs (A:I ratio) (24) and so such reagents and strategies could be tested in follow on studies, and extended to include novel therapeutic approaches directly targeting other TME constituents.

Overall, we demonstrated that 3D collagen spheroids incorporating ADSC-derived fibroblasts co-cultured with primary DLBCL cells and MDM can be generated and are amenable to subsequent manipulation and downstream analysis by flow cytometry and microscopy. These spheroids recreate the spatial relationship of the cell populations observed in the DLBCL TME, and, to some degree, the inter cell communication that occurs within it, as evidenced by the maintenance of DLBCL viability and impact upon ADSC-derived lymphoid fibroblast phenotype. Although our current system is labor-intensive, the application of microfluidic technologies could help ameliorate this issue. Furthermore, the ability to combine multiple cell types in a 3D scaffold means it has the capacity to be modified to study other lymphomas and/or solid tumors. The modular nature of system further lends itself to personalized medicine; for example, Majudmer et al. (61) recently developed an ex vivo system comprising tumor sections cultured on grade-matched tumor matrix in the presence of autologous serum. Similarly, our system could be adapted to incorporate patient-derived CAF and/or TAM with the corresponding primary tumor cells in a 3D scaffold based upon the matrix within the patient’s tumor. Regardless of the precise format, it is clear that more sophisticated model systems are required to address the complexities of cancer. Hopefully such systems will elicit more effective therapies in the future.
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Colorectal cancer (CRC) is the third most common cancer and second leading cause of cancer-related death in the US. CRC frequently metastasizes to the liver and these patients have a particularly poor prognosis. The infiltration of immune cells into CRC tumors and liver metastases accurately predicts disease progression and patient survival. Despite the evident influence of immune cells in the CRC tumor microenvironment (TME), efforts to identify immunotherapies for CRC patients have been limited. Here, we argue that preclinical model systems that recapitulate key features of the tumor microenvironment—including tumor, stromal, and immune cells; the extracellular matrix; and the vasculature—are crucial for studies of immunity in the CRC TME and the utility of immunotherapies for CRC patients. We briefly review the discoveries, advantages, and disadvantages of current in vitro and in vivo model systems, including 2D cell culture models, 3D culture systems, murine models, and organ-on-a-chip technologies.
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Introduction

In the US, colorectal cancer (CRC) is the third most common cancer and second leading cause of cancer-related death (1). CRC is largely asymptomatic until it has progressed to advanced stages (2), with 5 year survival rates of 90% and 14% for localized and metastatic cases, respectively (1). Population-wide screening campaigns in the last two decades have led to earlier diagnoses and boosted the overall 5 year survival rate to ~65% (1). Due to anatomical proximity, CRC often metastasizes to the liver: 20%–25% of patients present with colorectal liver metastases (CRLM) at initial diagnosis and 50-60% of CRC patients will develop CRLM at some point (2–4). Hepatectomy is currently the best course of action for CRLM patients, offering a 5 year survival rate of up to 60% (3–5). Unfortunately, only 20%–25% of CRLM patients are eligible for resection at time of diagnosis, leaving a large majority of patients to succumb to progressive metastatic cancer (3, 5).

Recent research has demonstrated the role of immunity on CRC progression, prognosis, and response to therapy. For example, immune cell infiltration into tumors correlates with clinical outcomes: T cells (6–10), Tregs (11), and NK cells (10) in primary CRC or CRLM lesions correlate with better prognoses, while the presence of tumor-associated macrophages (TAMs) has been alternately associated with pro- (12, 13) and anti-tumor (13–15) effects. In 2006, Galon and colleagues introduced the ImmunoScore. This measure of the density of immune cells in the invasive margin and core of a lesion (9, 16–18) provides more accurate predictions of recurrence, overall survival, and disease-free survival than traditional TNM staging for both CRC (7, 16, 18) and CRLM patients (6, 8, 11, 16).

Based on ImmunoScore’s prognostic success, clinicians are actively pursuing immunotherapies for CRC and CRLM patients. Checkpoint blockade therapies have shown particular promise for mismatch repair deficient (dMMR)/microsatellite instability-high (MSI-H) CRC tumors (19–21). In a 2015 Phase II clinical trial, dMMR/MSI-H patients treated with pembrolizumab (PD-1 inhibitor) exhibited a 40% response rate and 78% 12-month progression free survival (22); the FDA approved this course of treatment in 2017 (19). More recent work has probed the utility of combining nivolumab (PD-1 inhibitor) with ipilimumab (CTLA-4 inhibitor) (23). Results from this Phase II trial are still maturing, but preliminary results suggest a response rate as high as 55% (19, 23). Unfortunately, only 15% of CRC tumors are classified as dMMR/MSI-H (19), and there are currently no immunotherapies available to the remaining 85% of CRC patients. Pre-clinical work addressing this gap is focused on adoptive cell therapies, vaccines, immunostimulatory cytokines, and combinations thereof, and early studies have produced promising results (19–21).

The development of more efficacious cancer therapeutics is hindered by the limitations of current preclinical model systems, which do not recapitulate the whole tumor microenvironment (TME) (Table 1) (24, 25). The TME is crucial for investigating tumor-immune cell crosstalk, modeling tumor heterogeneity within and between patients, recapitulating events in the metastatic cascade, and simulating responses to therapeutics (24–28). 2D in vitro models of cells growing in tissue culture plates lend themselves to the study of tumor growth and cell migration, but lack complex tissue features like the vasculature and extracellular matrix (ECM) (24, 25, 28–31). In 3D in vitro models, multiple cell types can be co-cultured in ECM scaffolds, enabling the study of cell-cell interactions and nutrient/waste transport over small distances; however, these models lack key biomechanical features of the TME, including vascular and interstitial perfusion (24, 25, 28–31). Animal models are capable of simulating the dynamic, multi-cellular/organ nature of the TME, but are expensive, difficult to manipulate, and limited in their ability to recreate human immunobiology (24, 32–34).


Table 1 | Advances in modeling colorectal cancer.



Model systems that combine tissue engineering with microfluidic technology represent a new frontier for the study of cancer development, progression, immunity, and metastasis. Dubbed “organ-on-a-chip” (OOC) systems, these models incorporate many features of the TME, including multiple cell types, matrix components, biochemical cues, spatiotemporal distribution of soluble mediators and oxygen, and perfusable vascular networks (24, 26, 35–37). Thus, OOC platforms offer great potential as a preclinical tool for precision therapy. This review will highlight recent advances in the utility of OOC devices to model immunity in the CRC/CRLM TME and compare this work with conventional model systems (Figure 1A).




Figure 1 | (A) Colorectal liver metastasis models. Bolded applications are particularly well suited for the model. Even in the same category of model, constituent models can vary greatly, based on design, method, and study goals. (B, C) Colorectal cancer (CRC) “organ-on-a-chip” (OOC) platforms can model the immune response to tumors. (B) CRC cells (red) and IFN-DCs (green) are cultured in an OOC device (see cartoon) to simulate immune crosstalk. IFN-DCs migrate towards and phagocytose CRC cells following treatment with interferon-α and romidepsin. Images have been adapted from Parlato et al’s 2017 Scientific Reports article (38). (C) M1 and M2 macrophages (red) cultured with CRC cell lines (not shown) in a vascularized OOC platform (vessels shown in green) display anti- and pro-tumor effects, respectively. Figure was originally published in Bi et al’s 2020 Integrative Biology report (39).





Two-Dimensional (2D) Cultures

Cell cultures in 2D (Figure 1A) are a standard and well-established model system because they are simple, inexpensive, and easy to manipulate, and enable imaging with high spatiotemporal resolution (Table 1) (24, 31). 2D cultures rely on cells adhering to a flat surface—generally a flask or plate—which does not reflect the natural 3D architecture of tissues or tumors. Furthermore, cells in 2D cultures receive relatively uniform and often excessive levels of oxygen, nutrients, and growth factors, compromising their ability to faithfully capture the in vivo TME (28–31). Despite these drawbacks, 2D experiments have revealed multiple mechanisms driving the behavior of epithelial sheets of cells (30) and epithelial-derived tumors like CRC and CRLM (40–50).

2D cultures are conducive to studies of tumor-immune cell crosstalk in the TME. For example, 2D in vitro systems have been used to examine the role of the CRC TME’s atypically high number of macrophages, a topic of active debate. These studies show that macrophages differentiate towards an M2-like phenotype in response to tumor cells or tumor cell-conditioned media (51–55) and migrate towards tumor cells (54, 55). TAMs in CRC have also been shown to modify the tumor cell response to chemotherapy (56, 57); support tumor cell proliferation, migration, and invasion (53–55); and limit tumor cell survival in a cell contact-dependent manner (13). Additionally, Yu and co-authors showed that mast cells migrate towards CRC tumor cell-conditioned media in a Transwell assay and that co-culture of mast and tumor cells increases tumor cell proliferation; the results of these 2D culture experiments were verified in a 3D spheroid model (58). Studies with primary patient samples have demonstrated i) an HLA-mediated T cell response to the survivin protein in CRC tumor cells (59), and ii) NK cell cytotoxicity directed against CRC tumor cells following immune cell activation or tumor cell priming (60).



Three-Dimensional (3D) Cultures

3D cell cultures (Figure 1A) are comprised of cells distributed in synthetic or naturally-occurring scaffolds or hydrogels to mimic in vivo tissue architecture and can be cultured under static or perfused conditions (28–30). Compared to 2D cell culture systems, 3D in vitro systems more accurately model in vivo biochemical factor distribution and transport (28, 30); cell morphology, polarity, and gene expression (61–66); heterogeneity in cell types (62, 64, 67); and sensitivity to cancer therapeutics (61, 64, 67, 68). This accuracy is more pronounced under perfused culture conditions (61, 67–69) (Table 1). The challenges facing 3D cell culture systems include: i) uncertainty introduced by the underdefined, variable composition of popular scaffold materials (including the gold standard Matrigel); ii) the absence of vascular flow, which is responsible for cancer cell dissemination, trafficking of some immune cells, and delivery of therapeutics; iii) the inability to replicate the long-range interactions between tumors and other organs in the body that govern metastasis and the immune response (24, 29, 35, 70); and iv) limited reproducibility, scalability, and ease of use.

A handful of recent reports demonstrate the utility of 3D models systems for the study of immunity in the CRC TME. In a 2018 paper, Dijkstra et al. co-cultured organoids from dMMR CRC patients with autologous peripheral blood lymphocytes (71). In this novel culture system, the team generated patient-specific, cancer-reactive T cells from 4 of 8 patients, characterized the specificity of T cells for tumor versus healthy tissue, and measured the efficiency of T cell mediated tumor cell killing. A 2019 report by Courau and colleagues demonstrated that primary T and NK cells infiltrate into cell line-derived CRC spheroids, where they kill tumor cells and degrade the 3D structure of the spheroid, and that these effects can be enhanced by stimulating the immune response with IL-15 plus anti-NKG2D and/or anti-MICA/B antibodies (72). The authors also showed that stimulation of the immune response is necessary for infiltration of autologous T and NK cells into patient-matched CRC spheroids. Another recent study found that CAR-NK-92 cells engineered to recognize the universal antigen EPCAM, the neoantigen EGFRvIII, or the tumor-associated antigen FRIZZLED can identify and lyse cells in murine- and patient-derived normal colon and CRC organoids, but the effects are reduced by limited immune cell infiltration into organoids (73). Further, a 2019 report showed that primary CRC samples cultured under perfused conditions retained native tissue architecture, tumor cell density, and immune and stromal cell viability better than samples cultured under static conditions (69).



In Vivo Models

In vivo models (Figure 1A) are integral tools in cancer research because they recapitulate several features of the TME not available in in vitro models, including vascular flow and communication between the tumor and distant organs (74–79). There are five types of mouse models of cancer: 1) xenograft, 2) allograft, 3) patient-derived xenograft (PDX), 4) humanized, and 5) genetically modified mouse (GEMM). Though murine models are labor intensive, expensive, low-throughput, and susceptible to cross-species incompatibilities, they have produced numerous insights into CRC response to drug treatment (76, 77, 80–87) and metastasis (85, 88–90) (Table 1).

Though transplant mouse models (xenograft, allograft, and PDX) accurately replicate the response to therapeutics (76, 77, 80–84), they struggle to retain the genetic and cellular features of native tumors (76, 79), recreate the metastatic cascade (with the possible exception of orthotopic transplant models) (89), and mimic the immune response to a tumor (note that xenograft and PDX models are both necessarily immunocompromised to enable inoculation with human cell lines and primary human tumor cells, respectively) (76, 79). Hence, humanized mouse models and GEMMs are more useful for studies of immunity in the TME. Humanized mice are generated by engrafting specific mouse strains with human leukocytes (hematopoietic stem cells or peripheral blood mononuclear cells). These mice produce a human immune response and are available commercially (91, 92), but sometimes suffer from xenoreactive complications and do not mount a full humoral immune response (74). In the context of CRC, humanized mouse models have been used to study tumor response to checkpoint blockade therapies (93, 94). In a 2015 report, humanized mice engrafted with a CRC cell line and treated with urelumab (CD137 inhibitor), nivolumab (PD-1 inhibitor), or a combination of the two demonstrated limited tumor growth and high infiltration of tumors by lymphocytes (93). Capasso and co-authors created humanized PDX mouse models by implanting patient-derived MSI-H or microsatellite stable (MSS) tumor cells and then treated the mice with nivolumab (PD-1 inhibitor) (94). Mice bearing MSI-H tumors showed high T cell infiltration into tumors and inhibited tumor growth compared to mice bearing MSS tumors; these results match clinical observations.

GEMMs are created by activating or deactivating specific genes using genome editing technology (75, 89, 95). These models retain a natural murine immune system; can simulate the natural development of CRC tumors from adenoma to carcinoma to metastasis (85, 88, 90); and can reproduce tumor response to therapy (75, 85–87, 95). Drawbacks to GEMMs include that they are time consuming and expensive to generate and characterize, and have a long time course of disease progression compared to other model systems (75, 89, 95). Tauriello and colleagues reported a set of GEMMs with mutations in one or more of the CRC-associated genes Apc, Kras, Tgfbr2, and Trp53 (87); these models recreate many features of the human TME, including well-differentiated cancer cells, desmoplasia, and metastasis to the lung and liver. In subsequent experiments, the research team transplanted organoids from these CRC GEMMs into C57BL/6J mice to produce a model of advanced disease characterized by immune cell exclusion, increased TGFβ activity, and metastasis. Treatment with galunisertib (TGFBR1 inhibitor) reduced tumor growth and metastasis, increased immune cell infiltration and activation, and rendered tumors more responsive to anti-PD-L1 immunotherapy. Kostic et al. used a CRC GEMM model with a mutation in one copy of the Apc gene to explore the idea that the microbiome plays a role in CRC development (96). Mice were fed either a Streptococcus species or Fusobacterium nucleatum. The latter bacteria is found at higher levels in CRC tumor tissue than healthy colon tissue; indeed, mice fed F. nucleatum developed tumors more quickly and these tumors were infiltrated with high levels of pro-tumor immune cells, including myeloid-derived suppressor cells, granulocytes, neutrophils, TAMs, and M2-like macrophages. Some CRC cases are associated with colitis, a state of constant inflammation in the colon; colitis can be modeled in mice through treatment with azoxymethane and/or dextran sodium sulfate. Through comparisons of wild-type and knockout GEMM colitis mouse models, researchers have demonstrated the critical role of p53 (97), IL-6 and Stat3 (98), TLR4 (99), Pycard, Casp1, and Nlrp3 (100), and Nod1 (101) on tumor formation and growth; all of these factors are implicated in regulation of the immune response.



Organ-on-a-Chip Models

OOC models (Figure 1A) utilize microfluidic technology and tissue engineering to mimic and monitor dynamic 3D tissue microenvironments, including epithelial barriers, parenchymal tissues, perfused microvasculature, multiple organ interactions, and the immune response (24, 37). An OOC platform consists of an interconnected series of 3D channels and chambers filled with cells suspended in hydrogels. The geometry of these channels and chambers can be precisely selected to match a variety of tissue architectures and mechanical forces, has a scale of tens to hundreds of microns, and is carved into an optically clear polymer using microfabrication or 3D printing (24, 102). Strengths of OOC systems include the ability to incorporate multiple human cell types at physiologically-relevant ratios; control hydrogel composition and spatial distribution; customize the physiochemical properties of the tissue microenvironment; and image tissues with high spatiotemporal resolution. Drawbacks of this emerging technology include difficulties transferring technology between labs, a lack of standardized benchmarks of success, and low-throughput experiments (Table 1).

Recent studies in CRC OOC models have successfully reproduced disease progression (103–106), immunity (38, 107–109), metastasis (110–112), and response to therapy (38, 103, 105–107, 110, 113). Biochemical gradients of growth factors, cytokines, and chemokines influence cell migration, tissue phenotype, and angiogenesis in the TME (114), and can be established, monitored, and perturbed using OOC technologies (24, 114–116). Emerging methods also enable the manipulation of hypoxia in OOC devices (117, 118); this property regulates gene transcription and alters physiological and pathological immunity (119, 120). Our group has also pioneered methods to vascularize tissues, including CRC, in OOC devices (39, 103, 106, 113, 121, 122). These blood vessel networks self-assemble when endothelial cells and stromal cells are mixed, suspended in hydrogels, and cultured under perfusion conditions. These microvasculature models mimic transport of cells, nutrients, waste, and therapies through tissues; and can be engineered from autologous cell sources.

OOC platforms can mimic the immune-tumor cell crosstalk found in the CRC TME. For example, Parlato et al. monitored the interactions between untreated and treated CRC tumor cells and interferon-α-conditioned dendritic cells (IFN-DCs)—a potential cancer therapeutic with the ability to uptake cancer antigens, stimulate a T cell response, and phagocytose tumor cells—in a 3D microfluidic model (Figure 1B). They observed that IFN-DCs preferentially migrate towards and phagocytose tumor cells that have been treated with interferon-α and romidepsin, thereby demonstrating the utility of the model for tracking immune-tumor cell interactions in real time and examining novel combination therapies. In a series of papers, an interdisciplinary team reported that patient- and murine-derived organotypic tumor spheroids cultured in microfluidic devices retain the tumor, stromal, and immune cell populations for multiple cancers, including CRC (107–109). The team also demonstrated that this model system recreates the tumor response to checkpoint blockade therapy more accurately than 3D in vitro systems and can be used to screen novel therapeutics for efficacy. A 2020 report from our group probed the role of M1 and M2 macrophages in the TME using a vascularized CRC OOC model (39) (Figure 1C). Our results showed that M1 macrophages inhibit angiogenesis and tumor cell growth and migration, while M2 macrophages have the reverse effect. Further, we showed that these outcomes are mediated by macrophage-derived soluble factors, suggesting new therapeutic targets and demonstrating the utility of the OOC platform to characterize the CRC TME.



Future Directions

Improvement of CRC and CRLM patient outcomes requires the development of efficacious, targeted therapies. Immune-mediated therapeutic strategies are particularly promising but remain unrealized, which can be partially attributed to the inability of current in vitro and in vivo models to fully recapitulate immunity in the TME. 2D culture experiments provide an informative picture of tumor-immune cell crosstalk, but are limited in the number of cell types that can be examined simultaneously and cannot mimic in vivo transport of cells and secreted factors. 3D culture systems can support multiple cell types, mimic transport of biochemical factors through tumor tissue, and reproduce tumor response to immunotherapy, but lack the vascular supply necessary to mimic in vivo transport of immune cells to and through the tumor. Murine models have been critical to characterizing the immunobiology of the CRC TME, but these models struggle to accurately recapitulate metastasis; further, successful transition of therapeutics from murine studies to clinical practice remains quite limited. OOC platforms are capable of recapitulating the CRC TME, characterizing tumor-immune cell crosstalk, and mimicking patient-specific tumor response to therapy, but remain limited in their ability to model metastasis.

In contrast to the extensively characterized and utilized 2D culture, 3D culture, and mouse model systems, OOC platforms remain in early-stage development with untapped potential. Future work with OOC technology should focus on recreating colon-specific biological and physiochemical features of the primary CRC and metastatic CRLM TME. In particular, these models should seek to: i) incorporate tumor, stromal, and immune cells at the ratios found in the native TME; ii) mimic both MSS and MSI-H tumors; iii) utilize patient-specific cell sources; and iv) recreate the metastatic cascade by connecting CRC tissue models to liver tissue models using microfluidics. These advances in experimental modeling, especially when coupled with unforeseen progress, will produce additional knowledge regarding immunity in the CRC and CRLM TMEs and tumor response to immunotherapies, which may inform future clinical strategies and patient outcomes.
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Although T cell-recruiting CD3-binding bispecific antibodies (BiMAb) have been proven to be clinically effective for hematologic malignancies, the success of BiMAb targeting solid tumor-associated antigens (TAA) in carcinomas so far remains poor. We reasoned that provision of co-stimulatory BiMAb in combination with αTAA–αCD3 BiMAb would boost T cell activation and proliferative capacity, and thereby facilitate the targeting of weakly or heterogeneously expressed tumor antigens. Various αTAA–αCD3 and αTAA–αCD28 BiMAb in a tetravalent IgG1-Fc based format have been analyzed, targeting multiple breast cancer antigens including HER2, EGFR, CEA, and EpCAM. Moreover, bifunctional fusion proteins of αTAA–tumor necrosis factor ligand (TNFL) superfamily members including 4-1BBL, OX40L, CD70 and TL1A have been tested. The functional activity of BiMAb was assessed using co-cultures of tumor cell lines and purified T cells in monolayer and tumor spheroid models. Only in the presence of tumor cells, αTAA–αCD3 BiMAb activated T cells and induced cytotoxicity in vitro, indicating a strict dependence on cross-linking. Combination treatment of αTAA–αCD3 BiMAb and co-stimulatory αTAA–αCD28 or αTAA–TNFL fusion proteins drastically enhanced T cell activation in terms of proliferation, activation marker expression, cytokine secretion and tumor cytotoxicity. Furthermore, BiMAb providing co-stimulation were shown to reduce the minimally required dose to achieve T cell activation by at least tenfold. Immuno-suppressive effects of TGF-β and IL-10 on T cell activation and memory cell formation could be overcome by co-stimulation. BiMAb-mediated co-stimulation was further augmented by immune checkpoint-inhibiting antibodies. Effective co-stimulation could be achieved by targeting a second breast cancer antigen, or by targeting fibroblast activation protein (FAP) expressed on another target cell. In tumor spheroids derived from pleural effusions of breast cancer patients, co-stimulatory BiMAb were essential for the activation tumor-infiltrating lymphocytes and cytotoxic anti-tumor responses against breast cancer cells. Taken together we showed that co-stimulation significantly potentiated the tumoricidal activity of T cell-activating BiMAb while preserving the dependence on TAA recognition. This approach could provide for a more localized activation of the immune system with higher efficacy and reduced peripheral toxicities.
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Introduction

Cancer immunotherapies have demonstrated remarkable clinical benefits in the past years and have changed the paradigm of cancer treatment. Especially, monoclonal antibodies mediating immune checkpoint inhibition (ICI) have shown promising clinical responses in a broad range of solid tumors, including late-stage cancers (1, 2). The number of patients with a benefit from ICI is, however, still limited and success varies depending on the cancer type (3). Crucial for the anti-tumor effect of ICI are endogenous T cells recognizing and eliminating cancer cells after recognition of MHC molecules loaded with cancer-derived peptides. While exhaustion of a subset of tumor-reactive T cell clones can potentially be prevented by ICI, the approach is generally limited by tumor immune escape mechanism such as loss of MHC class I molecules or lack of immunogenic mutant T cell epitopes.

T cell-recruiting bispecific monoclonal antibodies (BiMAb) are an alternative approach to redirect immune effector cells to the proximity of cancer cells in order to induce tumor regression. BiMAb that have been engineered in a large variety of different formats combine variable fragments from two different antibodies (4–8). One antibody binds to a tumor-associated antigen (TAA) and the other usually targets the CD3ϵ chain in the T cell receptor complex, forming an MHC-unrestricted surrogate immune synapse between target cells and T cells independent of phenotype, maturation or antigen specificity. BiMAb-mediated cross-linking of target cell and T cell triggers T cell activation and proliferation as well as the release of cytotoxic molecules and cytokines. T cell-recruiting BiMAb have the potential to overcome tumor evasion due to MHC molecule downmodulation. However, they require cell surface-expressed target proteins or glycans having high selectivity for the malignant cell population in order to spare corresponding healthy tissues from T cell attack. While this goal is very difficult to achieve for carcinomas, melanomas and sarcomas, in hematological malignancies such as B cell leukemia, normal B cell differentiation antigens such CD20 or CD19 can serve as tumor targets because B cells can be replenished from hematopoietic stem cells.

For efficient T cell activation, clonal expansion and memory formation, co-stimulatory signals through CD28 or members of the tumor necrosis factor ligand (TNFL) superfamily are required (9, 10). However, systemic and cancer cell-independent co-stimulation by agonistic co-stimulatory antibodies can lead to severe off-target toxicities (11–13). With the aim to provide a target-dependent co-stimulation, a number of bifunctional reagents have been developed that combine tumor targeting by anti-TAA antibodies with co-stimulation by TNFL proteins or anti-CD28 antibodies (14–21).

While the first approved single-chain variable fragment (scFv) bispecific T cell engager, blinatumomab, has demonstrated substantial clinical efficacy for the treatment of CD19+ B cell leukemia/lymphoma (22, 23), the clinical benefit of BiMAb targeting TAAs in carcinomas is controversially discussed (24, 25). Major limitations are imposed by the limited physical accessibility of solid tumors for antibodies, the immunosuppressive microenvironment and dose-limiting toxicities. As most targets are not strictly tumor-specific, being expressed to various degrees in normal epithelial tissues as well, “on-target, off-tumor” effects might limit therapeutic efficacy.

To overcome these limitations, we developed BiMAb and bifunctional TNFL fusion proteins to provide targeted co-stimulation at the tumor site. We hypothesized that co-stimulation in combination with anti-CD3 BiMAb would boost T cell activation, thereby reducing the minimally required effective dose of anti-CD3 BiMAb and potentially limiting systemic toxicities. Furthermore, we propose an approach to treat solid tumors by simultaneously engaging two tumor-associated antigens, where co-stimulatory bispecific proteins should target a second antigen on the malignant cell population, or an antigen expressed on tumor stromal cells. This split co-stimulation approach should trigger full T cell activation predominantly at the tumor site, theoretically increasing specificity and enhancing anti-tumor activity.

Here, we report the engineering and testing of BiMAb and bifunctional TNFL fusion proteins targeting various well-established breast cancer-associated TAAs, including EGFR, HER2, CEA, EpCAM, and the tumor stroma antigen FAP. We provide evidence that only in the presence of tumor cells, tetravalent (anti-TAA scFv-hIgG1-Fc-anti-CD3ε scFv)2 BiMAb studied in this work activated T cells and induced cytotoxicity in adherent cell and tumor spheroid cultures in vitro, suggesting that T cell activation strictly depended on cross-linking. Addition of co-stimulatory bispecifics greatly enhanced T cell activation and tumor cell lysis. Finally, the anti-tumor potential was confirmed in an ex-vivo patient-derived spheroid model.



Materials and Methods


BiMAb and TNFL Fusion Protein Cloning

The binding moieties of tetravalent BiMAb are VH–(Gly4Ser)3-VL scFv derived from monoclonal antibodies, anti(α)-EpCAM, HEA125 (US20120213805A1); αHER2 Trastuzumab (PDB:4HJG_B, PDB:4HJG_A); αEGFR Cetuximab (PDB:1YY8_B, PDB:1YY8_A); αCEA, Mfe-23 (PDB:1QOK_A), anti-fibroblast activation protein-α (FAP), BIBH1/Sibrotuzumab, (US20090304718A1); αPD-L1, Avelumab (PDB:5GRJ_H, PDB:5GRJ_L); αCD3ϵ OKT3 (PDB:1SY6_H, PDB:1SY6_L); αCD28, 9.3 (VH GenBank : CAD30987.1, VL GenBank : CAD30986.1). cDNAs coding for the mentioned scFv with tumor antigen specificity were cloned 3’ of an hIg-κ ER leader sequence followed by a glycine-serine-rich linker [“GSL”, GNS(G4S)3AS] and the hinge-CH2-CH3 domains of hIgG1(E216–K447) harboring the mutations C220S, E233P, L234A, L235A, ΔG236, N297Q, K322A, A327G, P329A, A330S, P331S to abolish Fc receptor and complement binding (26). Instead of the stop codon, a StrepTag-II sequence [DPGWSHPQFEKSR] flanked by restriction sites was inserted. The C-terminal scFv OKT3 and 9.3 sequences were cloned 3’ of the StrepTag-II sequence (preceded by a (Gly)4 linker). The resulting BiMAb constructs assemble to covalently linked homodimers due to two intermolecular disulfide bonds in the hIgG1 hinge region. In scFv–hIgG1-FcFcR-KO–TNFL constructs, C-terminal scFv were replaced by the ectodomains of h4-1BBL (NP_003802.1, a.a. A58-E254), hOX40L (NP_003317.1, a.a. Q51-L183), hTL1A (NP_005109.2, a.a. L72-L251) or hCD70 (NP_001243.1, a.a. Q39-P193), respectively. All constructs were cloned between XhoI and NotI sites of expression vector pcDNA3.1 (–) (ThermoFisher/Invitrogen, Waltham, USA).



Production of BiMAb and TNFL Bifunctional Fusion Proteins

Suspension-adapted Freestyle Chinese hamster ovary cells (CHO-S; Invitrogen) were used for transient gene expression as previously described (26, 27). CHO-S were routinely cultured in PowerCHO-2 CD (Lonza, Basel, Switzerland), supplemented with 8 mM Ultraglutamine (Lonza) in 500 ml round glass bottles at 37°C, 8% CO2 and 130 rpm. For transfection CHO-S cells were resuspend at 3x106 cells/ml in ProCHO4 medium (Lonza) supplemented with 4 mM Ultraglutamin followed by the sequential addition of 2.5 µg 25-kDa linear polyethyleneimine (PEI; Polysciences Europe GmbH, Germany) and 0.625 µg plasmid DNA per 1x106 cells. After 6 days in culture at 32°C, 5% CO2 and rotation at 130 rpm the supernatants of the transfected cultures were harvested and purified using the Strep-Tactin® system (IBA Lifesciences, Göttingen, Germany) according to the manufacturer’s instructions. The harvested supernatant was applied to a Strep-Tactin® column using a peristaltic pump and washed with PBS. Elution of purified proteins was performed by addition of PBS, supplemented with 5 mM desthiobiotin (IBA Lifesciences). Eluted proteins were dialyzed against PBS and purity was verified by reducing and non-reducing 10% SDS-PAGE prior to functional testing. Binding of purified BiMAb and TNFL bifunctional fusion proteins was validated on target positive tumor cell lines (MCF-7, HT-1080/FAP). Purified proteins were stored at 2–8°C.



Cell Lines and Culture Conditions

The human breast adenocarcinoma cell line MCF-7 (ATCC® HTB-22) was used as an EpCAM, HER2, EGFR and CEA expressing cell line. As FAP, EGFR and PD-L1 expressing cells, the FAP-transfected human fibrosarcoma cell line HT-1080/FAP [kindly provided by A. Loktev, University of Heidelberg (28)] was used. Cell lines were cultured in RPMI-1640 (ThermoFisher Scientific/Gibco), supplemented with 10% heat-inactivated fetal calf serum (FCS, Gibco), 1% penicillin/streptomycin (Sigma-Aldrich) and 2 mM glutamine (Lonza) and passaged every 3-4 days.



Human Ex Vivo Breast Cancer Patients’ Samples

Pleural effusions as well as autologous blood samples were collected from 8 patients suffering from pleural carcinosis due to breast cancer after informed consent. Cells from pleural effusions were collected by centrifugation. In a culture flask, a monocyte adherence step was performed for 1.5 hours. Non-adherent cells were transferred to a new culture flask, resuspended in “conditioned” medium (RPMI-1640 mixed with supernatant of punctate at a 1:1 ratio) and tumor cells were enriched by overnight adherence to tissue culture flasks and harvested by trypsinization. Prior to functional experiments, breast cancer samples were characterized by flow cytometry for antigen expression.



T Cell Isolation

CD3+ T cells were isolated from human PBMC purified from buffy coats from healthy donors or from breast cancer patients by negative selection using the Pan-T cell Isolation Kit (Miltenyi Biotec, Bergisch Gladbach, Germany) according to the manufacturer’s protocol. Cell purity was routinely >95%. Purified T cells were maintained in complete RPMI medium and incubated at 37°C in a humidified 5% CO2 atmosphere.



In Vitro Cytotoxicity Assay

Adherent tumor cells (MCF-7, HT-1080/FAP) were trypsinized (0.05% trypsin/EDTA; Gibco) and collected. 2.5x104 cells/well were seeded in 96-well flat-bottom plates in complete RPMI medium and incubated overnight at 37°C in a humidified 5% CO2 atmosphere. Target cells were preincubated with BiMAb and/or TNFL bifunctional fusion proteins for 60 minutes at 37°C, 5% CO2, before purified T cells were added in a 2:1 E/T ratio (1x105 cells/well) and incubated for 48 hours. Cellular cytotoxicity based on lactate dehydrogenase (LDH) release into supernatants by dead target cells was quantified according to the manufacturer’s instructions (CyQUANT™ LDH Cytotoxicity Assay; ThermoFisher). Maximal lysis of target cells was achieved by incubation of target cells with lysis buffer. Spontaneous LDH release refers to target and effector cells without BiMAb or TNFL bifunctional proteins. The calculated percentage of specific cell lysis is based on the following equation:

	



Proliferation Assay

To measure proliferation purified T cells were labelled with 1 µM Cell Trace Violet (CTV; ThermoFisher) according to the manufacturer’s instructions. Target cells and CTV-labelled T cells were co-cultured with BiMAb and/or TNFL bifunctional fusion proteins as described above for 5 days. Proliferation of CD4+ and CD8+ T cells based on CTV dilution was analyzed by flow cytometry using a FACS Canto-II™ cell analyser (BD Biosciences, Heidelberg, Germany).



Flow Cytometry

Tumor cells were stained with αTAA-hIgGFc–αCD3/αCD28 BiMAb [5 µg/ml in FACS buffer (Dulbecco’s PBS/2% FCS)] followed by goat anti-human Ig-PE (Dianova, Hamburg, #109-115-098). αEpCAM-A488 (9C4), αHER2-PE (24D2), αCEA-PE (ASL-32), αPD-L1-PE (29E.2A3) and isotype control antibodies mIgG2b-A488/PE (MPC-11), mIgG1-APC/PE (MOPC-21), mIgG2a-APC (MOPC-173) were all from BioLegend (San Diego, CA, USA), and αFAP-APC from R&D Systems (#427819). T cells from cytotoxicity or proliferation assays were harvested to measure activation marker expression or T cell subpopulations by flow cytometry after 48 hours or 5 days of co-culture, respectively. Briefly, T cells were transferred into 96-well round-bottom plates and washed once with PBS. Dead cells were stained with the Zombie Aqua Fixable Viability Kit (BioLegend) according to the manufacturer’s protocol. Next, Fc receptors were blocked with Human TruStain FcX (BioLegend) and incubated in FACS buffer containing fluorescently labelled monoclonal antibodies αCD3-APC-Cy7 (HIT3a), αCD4-A488/PE (RPA-T4), αCD8-PB (SK1), αCD8-APC (RPA-T8), αCD14-BV510 (M5E2), αCD19-BV510 (HIB19), αCD25-A647 (BC96), αCD45RA-A488 (HI100), αCD56-BV510 (HCD56) αCD62L-PerCP-Cy5.5 (DREG-56), αCD134/OX40-PE-Cy7 (ACT35), αCD137/4-1BB-PE (4B4-1), αCD274/PD-L1-PE (29E.2A3), αCD279/PD-1-APC (EH12.2H7) (all from BioLegend) for 25 min at 4°C protected from light. Cells were washed twice and fixed prior to flow cytometric measurement. FlowJo software (TreeStar Inc., Ashland, OR, USA) was used for analysis. A minimum of 1x104 living CD3+ T-cells were acquired for each sample.



Cytokine Measurement

Cytokine release was assessed 48 hours after incubation of target cells with BiMAb, TNFL fusion proteins and purified T cells as described above. Cytokines were measured by enzyme-linked immunosorbent assay (ELISA). Anti-human IFN-γ (MD-1, BioLegend), anti-human IL-2 (MQ1-17H12, BioLegend) capture antibodies were coated on a 96-well Nunc MaxiSorp™ (ThermoFisher) flat-bottom plates and incubated overnight at 4°C protected from light. After washing, blocking was performed to reduce unspecific binding. Supernatant of the cytotoxicity assay was added and incubated for 90 minutes at room temperature. For detection, biotinylated anti-human IFN-γ (4S.B3, BioLegend) or anti-human IL-2 (Poly5176, BioLegend) antibodies were used in combination with streptavidin-horseradish peroxidase (HRP; BioLegend) and TMB (3,3’,5,5’-tetramethyl benzidine) substrate solution. The reaction was stopped with H2SO4 and the absorbance was measured at 450 and 540 nm. Cytokine concentrations were calculated based on reference cytokine standards (BioLegend).



Three-Dimensional Spheroid Generation and Culture

MCF-7, HT-1080/FAP or ex vivo human breast cancer cells derived from pleural effusion were grown in 100 µl DMEM supplemented with B-27 supplement and 1% Matrigel. Multicellular tumor spheroids were generated as described elsewhere (29). Briefly, 5x104 cells/well were seeded in low-adhesion 96-well round bottom plates (ThermoFisher), centrifuged at 100 x g for 5 minutes and maintained at 37°C, 5% CO2 in a humidified incubator. In mixed tumor cell spheroids MCF-7 and HT-1080/FAP cells were blended in a 1:1 ratio. Spheroids were observed to form overnight after seeding and incubated for 2 days prior to functional experiments. In some experiments, spheroids were formed with CTV-labeled tumor cells, co-cultured for 48 h with T cells labelled with 1 µM carboxyfluorescein succinimidyl ester (CFSE) and analyzed by fluorescence microscopy using an Olympus CKX41 inverted microscope quickly after addition of propidium iodide (PI, 4 µg/ml final concentration). BiMAb at 10 nM final concentration were added in 50 µl DMEM medium supplemented with 10% FCS and B-27 supplement. 105 T cells were added in 50 µl of the same medium and cultured for 48 h to measure cytoxicity via LDH release, T cell activation and cytokine secretion or for 5 days to measure T cell proliferation.



Statistical Analysis

Unless otherwise stated, all results are expressed as mean ± SEM. Analysis and graphical representations were conducted using GraphPad Prism 8 software (GraphPad Software Inc., USA). Experiments containing more than 2 experimental groups were analyzed using a one- or two-way analysis of variance (ANOVA) with Tukey’s multiple comparison test or Dunnett’s follow-up test where appropriate. The number of donors and experiments, as well as the statistical analysis is stated in the respective figure legends with p values <0.05 considered statistically significant (not significant (ns), p > 0.05; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001).




Results


Enhanced Potency of T Cell-Stimulatory BiMAb Through Co-Stimulation

We engineered a variety of bispecific T cell-engaging antibodies, produced them in CHO-S cells and purified them by StrepTag immunoaffinity chromatography (Figures 1A, B). scFv antibodies in the used tetravalent bispecific (scFv1-linker-hIgG1-Fc-StrepTag-scFv2)2 format recognized tumor-associated antigens with the N-terminal scFv1 and either CD3ϵ or CD28 receptors with the C-terminal scFv2 (26). The Fc portion harbored several mutations to abolish Fc receptor and complement binding. We first sought to validate binding properties of our bispecific antibodies. Analysis by flow cytometry showed binding of the αEpCAM–αCD3 and αEpCAM–αCD28 BiMAb to EpCAM-positive MCF-7 breast cancer cells, whereas irrelevant FAP-specific BiMAb did not bind, as this antigen was not expressed on MCF-7 cells (Figures 1C, 4B). Similarly, our αCD3 and αCD28 BiMAb exhibited binding to CD4+ and CD8+ T cells. As shown previously (26), we observed two distinct peaks of αEpCAM–αCD28 BiMAb binding to cytotoxic CD8+ T cells, which is consistent with reports that, depending on the donor, CD28 can be variably expressed on CD8+ cells from peripheral blood (30). We next determined the dose response of αCD3 and αCD28 bispecific antibodies driving T cell activation and proliferation in vitro. Addition of αEpCAM–αCD3 to the co-culture of MCF-7 and purified T cells elicited T cell activation in terms of enhanced CD25 and 4-1BB (or OX40) co-expression on CD8+ T cells (Figure 1D and Supplementary Figure 1D), or of CD25 and OX40 (or 4-1BB) co-expression on CD4+ T cells (Figure 1D), in a dose-dependent manner. Since 4-1BB upregulation on CD8+ cells and OX40 upregulation on CD4+ T cells were more prominent, respectively, CD8+/CD25+/4-1BB+ and CD4+/CD25+/OX40+ T cells will be reported for the following experiments. Combination with co-stimulatory αEpCAM–αCD28 bispecific antibodies added in equimolar amounts enhanced the potency of the αEpCAM–αCD3 BiMAb, reducing EC50 values in dose response curves of CD8+ and CD4+ T cell activation by about 5-fold (Figure 1D and Table 1). Increased T cell activation in the presence of co-stimulatory BiMAb also translated into enhanced cytotoxicity as measured by LDH release and CD8+/CD4+ T cell proliferation (Figures 1E, F, Table 1 and Supplementary Figure 1E). Importantly, when used as a single agent, even at the highest dose of 10 nM, the co-stimulatory αCD28 BiMAb elicited no T cell stimulating effect (Figures 1D–F). Furthermore, it is shown that BiMAb activity was strictly dependent on expression of the appropriate TAA on the target cell, since the irrelevant αFAP–αCD3 bispecific antibody was unable to activate T cells and elicit cytotoxicity or proliferation when co-cultured with FAP-negative MCF-7 (Supplementary Figures 1A–C). When comparing αEpCAM–αCD3 BiMAb alone with the combination of αEpCAM–αCD3 and αFAP–αCD28 BiMAb, no substantial differences were seen for EC50 values across all assays (Table 1), indicating that also for co-stimulation binding of the respective BiMAb to a target cell antigen was required. When combinations of αEpCAM and αFAP BiMAb were cultured with T cells in the absence of MCF-7 cells, no activation or proliferation was observed (Figures 1D, F and Supplementary Figures 1A, C), further supporting the conjecture that T cell-activating effects of tetravalent bispecific antibodies analyzed here were strictly dependent on T cell–tumor cell cross-linking.




Figure 1 | Co-stimulatory BiMAb enhance in vitro T cell activation, proliferation, and cytotoxicity against MCF-7 cells upon bidirectional binding. (A) Schematic representation of the tetravalent bispecific BiMAb format. A single chain variable fragment (scFv) antibody 1 specific for a tumor-associated antigen (TAA) is conjugated with the hinge–CH2–CH3 domains of hIgG1 via a flexible glycine-serine linker (GSL). The Fc domain contains multiple point mutations to abrogate Fc receptor and complement binding. At the C-terminal end of the CH3 domain a Strep-tag II is added for immunoaffinity purification followed by an scFv antibody 2 recognizing either CD3ε or CD28. (B) SDS-PAGE analysis (10%) and Coomassie staining of examples of purified bispecific antibodies under non-reducing and reducing conditions. (C) Binding of BiMAb to MCF-7 cells (top panel) and T cells (bottom panel) was detected via flow cytometry using PE-conjugated goat anti-human IgG secondary antibody. Staining with BiMAb (green filled), GaHIgG-PE control (dotted blue line). (D–F) Assays were performed in 2D adherent cell cultures using serial dilutions of either αEpCAM–αCD3 +/– co-stimulatory αEpCAM–αCD28 used at equimolar concentrations, purified unstimulated T cells isolated from healthy donors as effector cells and MCF-7 as target cells (E:T ratio 2:1). (D) After 48 h of co-culture, BiMAb-mediated CD8+ and CD4+ T cell activation indicated by CD25 and 4-1BB, or CD25 and OX40 surface co-expression was measured by flow cytometry. T cells only (left panel) vs. MCF-7/T cell co-culture (middle and right panel). (E) Supernatants were collected after 48 h from co-culture assays and cytotoxicity was measured based on lactate dehydrogenase (LDH) release from lysed cells. (F) CTV-labelled T cells were used for co-culture and after 5 days of incubation CD8+ or CD4+ T cell proliferation was measured by flow cytometry based on CTV dilution (see Supplementary Figure 1E). T cells only vs. MCF-7/T cell co-culture. The legend refers to (D–F). (G) Co-culture assays were repeated using serial dilutions of αCD3 BiMAb +/- fixed concentrations (1 and 10 nM) of co-stimulatory αCD28 BiMAb, respectively. Top, frequencies of CD25+/4-1BB+ CD8+ T cells (left) and proliferating CD8+ T cells (middle) were analyzed by flow cytometry after 48 h and 5 days, respectively. Tumor cell lysis was measured after 48 h via LDH release assay (right). Bottom, frequencies of CD25+/OX40+ CD4+ T cells (left) and proliferating CD4+ T cells (right) were analyzed by flow cytometry after 48 h and 5 days, respectively. Diagrams show mean values ± SEM from 3 independent experiments performed in triplicates. EC50 values are listed in Table 1.






Figure 4 | A split co-stimulation approach targeting TAAs on different target cells enhances T cell activation in a mixed MCF-7 + HT-1080/FAP tumor spheroid model. (A) Fluorescence microscopy of MCF-7 spheroids after incubation with or without 10 nM of αCD3 +/- αCD28 BiMAb. Representative images of CTV-labelled MCF-7 spheroids. Purified T cells were labeled with carboxyfluorescein succinimidyl ester (CFSE). Cell death was visualised by PI staining. The scale bar represents 250 µm. (B) EpCAM, HER2, FAP and PD-L1 surface expression on MCF-7 and HT-1080/FAP cells, respectively, analyzed by flow cytometry. Cell surface staining with isotype control antibodies (dotted blue line) and αTAA mAb (green filled). (C–F) Tumor spheroids from 5x104 mixed MCF-7 and HT-1080/FAP cells (1:1 ratio) were co-cultured with purified unstimulated T cells (105 cells per 96-well) and combinations of αTAA–αCD3 +/- αTAA–αCD28 BiMAb at 10 nM final concentration. TAA reactivities included EpCAM, HER2, FAP and PD-L1. (C) Supernatants were collected after 48h of co-culture and tumor cell lysis was assessed via LDH release assay. (D) BiMAb-mediated CD8+ T cell activation was detected by flow cytometry based on surface co-expression of CD25 and 4-1BB. (E) Frequencies of proliferating CD4+ and CD8+ T cells were measured by flow cytometry (dilution of CTV labeling) after 5 days of incubation. αTAA–αCD3 treatment was statistically compared with the no compound control, αTAA–αCD3 + αTAA–αCD28 combinations were compared with αTAA–αCD3. Co-stimulation significantly enhanced CD8+ T cell proliferation for all settings (statistics indicated in figure). Enhancement of CD4+ T cell proliferation was significant only for the combinations αEpCAM–αCD3 + αEpCAM–αCD28 (*), αEpCAM–αCD3 + αPD-L1–αCD28 (*), αHER2–αCD3 + αEpCAM–αCD28 (*), αHER2–αCD3 + αFAP–αCD28 (**), and αHER2-αCD3 + αPD-L1-αCD28 (***). (F) Concentrations of IFN-γ (in pg/ml) in cell culture supernatants after 48 h of co-culture were determined by ELISA. Data represent mean values ± SEM from 3 independent experiments done in duplicates. Statistical analysis by one-way ANOVA (C, D, F) or two-way ANOVA (E), both followed by Tukey’s multiple comparison test; ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.




Table 1 | EC50 values of stimulatory and co-stimulatory BiMAb in functional T cell assays.



When using a fixed dose of 1 nM or 10 nM αEpCAM–αCD28 in combination with decreasing amounts of αEpCAM–αCD3 BiMAb, the dose response curves of CD8+ and CD4+ T cells shifted to lower concentrations (Figure 1G and Table 1). In the presence of 0.1-1 pM concentrations (ca. 3.5–35 pg antibody/200 µl assay volume) of the αEpCAM–αCD3 BiMAb, addition of 1 nM or 10 nM of co-stimulatory αCD28 BiMAb still triggered measurable T cell responses. Consistently, EC50 values dropped to the low picomolar range in activation, proliferation and cytotoxicity assays using fixed concentrations of co-stimulatory BiMAb, suggesting that at very low concentrations of stimulatory BiMAb, equimolar quantities of co-stimulatory BiMAb became rate-limiting (Table 1).

We then investigated whether pre-activated T cells could be stimulated by a timely separated treatment with a tumor cell-binding αCD28 BiMAb. T cells were first co-cultured with MCF-7 or HT-1080/FAP cells for 48h in the presence 1 nM αEpCAM–αCD3 or αFAP–αCD3, respectively. After this pre-treatment, T cells were harvested and co-cultured again with or without fresh MCF-7 or HT-1080/FAP tumor cells and BiMAb as indicated in Supplementary Figure 1F. We observed no stimulation of αCD3-preactivated T cells when sequentially treated with an αCD28 BiMAb alone, while secondary treatment with αCD3 BiMAb or αCD3 plus αCD28 BiMAb elicited potent activation of CD4+ and CD8+ T cells. Secondary activation through BiMAb was dependent on the presence of tumor cells (see part “T cells only” in Supplementary Figure 1F).

Together, we demonstrated that our co-stimulatory αCD28 bispecific antibodies considerably enhanced the anti-tumor immune response when applied in combination with αCD3 BiMAb. Regarding potential safety issues, our αCD28 BiMAb completely lacked activating activity on its own, but relied on antigen-dependent cross-linking and simultaneous signaling delivered through αCD3 BiMAb.



Co-Stimulation Overrides Immunosuppression Imposed by the Microenvironment

The tumor microenvironment is known to restrain T cell effector functions while driving T cell exhaustion. In order to mimic an immunosuppressive environment, we assessed the functionality of our BiMAb in co-cultures of tumor cells with CD3+ T cells and titrated amounts of exogenous IL-10 and TGF-β. Addition of IL-10 and TGF-β significantly reduced BiMAb-mediated cytotoxicity in a dose-dependent manner, confirming the known immunosuppressive properties of these cytokines (Figure 2A). When testing the αEpCAM–αCD3 BiMAb as single agent, 100 ng/ml of each IL-10 and TGF-β completely abrogated cytotoxicity. In combination with the αCD28 BiMAb we also observed a reduction of tumor cell lysis by IL-10/TGF-β, however, this decrease was significantly less pronounced compared to αCD3 BiMAb alone. In the presence of αEpCAM–αCD28 BiMAb, 72.5% cytotoxicity was still observed at the highest IL-10/TGF-β dose (Figure 2A).




Figure 2 | Co-stimulation overrides immunosuppressive effects of exogenous IL-10 and TGF-β. MCF-7 cells were co-cultured with purified CD3+ T cells and serial dilutions of human IL-10 and TGF-β (0, 1, 10, 100 ng/ml each) in the presence or absence of 1 nM αCD3 +/- αCD28 EpCAM-targeting BiMAb. (A) MCF-7 tumor cell lysis was measured by LDH release assay after 48 h of co-culture. (B) CD8+ T cell activation was determined by flow cytometry and shown as percentages of CD25+/4-1BB+ T cells. (C) Frequencies of proliferating CD8+ T cells were measured by flow cytometry based on CTV dilution after 5d of incubation. (D) IFN-γ (top panel) and IL-2 secretion (bottom panel) by T cells co-cultured with MCF-7 cells and αEpCAM–αCD3 +/- αEpCAM–αCD28 in the presence of the indicated concentrations of IL-10 and TGF-β. (E) Subpopulations of CD4+ and CD8+ T cells were characterized by flow cytometry based on CD62L and CD45RA surface expression: Naïve (CD62L+/CD45RA+), central memory (CM, CD62L+/CD45RA–), effector memory (EM, CD62L–/CD45RA–) and effector memory cells re-expressing CD45RA (EMRA, CD62L–/CD45RA+). Frequencies of subpopulations in untreated controls are shown for CD4+ and CD8+ T cells, respectively (top). Bar diagrams show the effects of BiMAb on CD4+ and CD8+ T cell subpopulations with increasing concentrations of IL-10 and TGF-β (middle and bottom panel). (F) Frequencies of naïve and central memory CD8+ T cells after treatment with 100 ng/ml IL-10, 100 ng/ml TGF-β and αEpCAM–αCD3 +/- αEpCAM–αCD28 (1 nM), or without BiMAb treatment for control, with each individual data point representing the mean value of an individual donor. Data represent mean values ± SEM from 3 independent experiments each done in duplicates that were statistically analyzed by two-way ANOVA followed by Tukey’s multiple comparison test (A–D) or one-way ANOVA with Dunnett’s follow-up test for comparison with no compound control (F), ns, not significant; ****p < 0.0001.



Similar inhibitory effects on CD8+ and CD4+ T cell activation (Figure 2B and Supplementary Figure 2A), proliferation (Figure 2C and Supplementary Figure 2B) and IFN-γ/IL-2 secretion (Figure 2D) were noted with high concentrations of IL-10 and TGF-β. In contrast, there was no significant immunosuppressive effect when additional αCD28 BiMAb was present, maintaining a high frequency of CD25+/4-1BB+ CD8+ T cells and high proliferation rates. Moreover, immunosuppressive cytokines impaired the maturation of CD8+ and CD4+ T cells into effector and memory phenotypes (Figure 2E). When using αCD3 BiMAb alone, IL-10 and TGF-β preserved a naïve T cell phenotype in a dose-dependent manner. Compared to no-cytokine controls, the highest concentrations of IL-10 and TGF-β apparently prevented differentiation/maturation so that relative frequencies of naïve CD4+ and CD8+ T cells were increased by factors of 5.9 and 27.1, respectively. With the addition of the αEpCAM–αCD28 BiMAb, naïve T cells remained at low frequencies, while the central memory effector T cell pool was expanded (Figure 2E). Using 100 ng/ml IL-10 and TGF-β we observed no significant changes regarding the frequencies of CD62L+CD45RA+ naïve or CD62L+CD45RA– central memory CD8+ T cells when treating with αCD3 BiMAb alone compared to no-compound controls (Figure 2F). However, addition of co-stimulation elicited a significant decrease (factor 8.4) in naïve CD8+ T cells, while significantly enhancing the frequency of central memory cytotoxic T cells (factor 4.4).

Thus, co-stimulatory αCD28 bispecific antibodies were demonstrated to efficiently counteract immunosuppressive effects of IL-10 and TGF-β on anti-tumor cytotoxic responses as well as on T cell activation, proliferation, cytokine secretion and expansion of central memory effector T cells.



BiMAb Enhance T Cell Activation and Cytotoxicity Depending on TAA Expression Levels

To further analyze the potential and limitations of co-stimulatory BiMAb in the tetravalent format, we tested pairs of αCD3 and αCD28 BiMAb targeting TAA expressed at different levels on tumor cells. MCF-7 cells displayed substantial surface expression of EpCAM and HER2, while expression was intermediate for CEA and low EGFR (Figure 3A). Consistent with results shown above, as a single agent, co-stimulatory αTAA–αCD28 BiMAb elicited no cytotoxicity, regardless of the chosen target (Figure 3B). In contrast, single use of αTAA–αCD3 BiMAb showed target-dependent effects. The highest cytotoxicity was elicited with BiMAb directed against EpCAM or HER2, with 47.2% and 36.1% of MCF-7 cells lysed, respectively. Targeting TAAs with lower surface expression such as CEA or EGFR elicited no notable cytotoxic effects. When directed against strongly expressed antigens, the combination of αCD3 and αCD28 BiMAb further enhanced the anti-tumor response in terms of cytotoxicity (Figure 3B). Compared to treatment with EpCAM-binding αCD3 bispecific antibodies alone, the addition of αEpCAM–αCD28 significantly enhanced tumor cell lysis by 1.9-fold. Similarly, αCD28 BiMAb directed against HER2 lead to a significant 2.4-fold increase in cytotoxicity compared to αHER2–αCD3 alone. For co-stimulatory bispecific antibodies targeting CEA or EGFR, the observed minor increases did not reach significance. The 4 pairs of αTAA BiMAb showed similar effects in terms of CD8+ and CD4+ T cell activation (Supplementary Figure 3A). Again, TAA surface expression correlated with responses, as addition of co-stimulatory BiMAb targeting EpCAM or HER2 lead to a significant upregulation of CD25/4-1BB on CD8+ T cells and CD25/OX40 on CD4+ T cells, respectively. However, αCEA or αEGFR co-stimulatory bispecifics did not further enhance the frequency of activated CD8+ and CD4+ T cells. In the same line, proliferation of either CD8+ and CD4+ T cells was significantly stimulated by the combination of stimulatory and co-stimulatory BiMAb recognizing either EpCAM or HER2 but not CEA nor EGFR (Supplementary Figure 3B). Furthermore, IFN-γ and IL-2 secretion by responding T cells could not be elicited by CEA nor EGFR BiMAb while αEpCAM–αCD28 significantly induced cytokine secretion (Figure 3C and Supplementary Figure 3F). These results suggest that stimulation and co-stimulation through the same, weakly expressed tumor antigen may be inefficient.




Figure 3 | BiMAb induce T cell activation in a target antigen-dependent manner. MCF-7 cells were co-cultured with purified unstimulated T cells in the presence or absence of 1 nM αCD3 +/- αCD28 BiMAb targeting the tumor-associated antigens (TAA), EpCAM, HER2, CEA, or EGFR as indicated. (A) TAA cell surface expression on MCF-7 cells was analyzed by flow cytometry using αTAA monoclonal antibodies (green filled lines) and isotype control antibodies (dotted blue lines). Mean fluorescence intensities for EpCAM, HER2, CEA and EGFR were 8523, 828, 733 and 71, respectively. (B) Tumor cell lysis based on LDH release was measured in supernatants collected after 48h of co-culture of T cells in the presence of the indicated stimulatory and co-stimulatory BiMAb. Co-stimulatory αEpCAM–αCD28 BiMAb rescue T cell activation. (C) IFN-γ secretion (in pg/ml) in T cell co-cultures with MCF-7 cells and the indicated αTAA–αCD3 ± αTAA–αCD28 BiMAb was measured after 48 h by ELISA. (D) 2D co-culture assays were performed using combinations of αTAA–αCD3 with αEpCAM–αCD28 BiMAb to validate a split co-stimulation approach. Cytotoxicity measurements were based on LDH released by lysed tumor cells after 48 h. Data represent mean values ± SEM from 3 independent experiments in triplicates with statistical analysis by one-way ANOVA test followed by Tukey’s multiple comparison test (B–D), ns, not significant; ***p < 0.001; ****p < 0.0001.



We therefore combined αTAA–αCD3 bispecific antibodies with co-stimulatory αEpCAM–αCD28 BiMAb addressing a separate, highly expressed antigen on the same tumor target cell. In this case, co-stimulation significantly enhanced cytotoxicity of all tested αCD3 BiMAb regardless of the targeted tumor antigen (Figure 3D). The co-stimulatory effect was conspicuous when we combined αCEA–αCD3 or αEGFR–αCD3 with the αEpCAM–αCD28 BiMAb, which improved cytotoxicity by 25.5- and 44.3-fold, respectively. The presence of αEpCAM–αCD28 significantly enhanced the frequency of activated CD8+ and CD4+ T cells in combination with αCEA–αCD3 or αEGFR–αCD3 BiMAb, respectively (Supplementary Figures 3C, D). In terms of T cell proliferation, we observed the same TAA-independent effects in the presence of αEpCAM–αCD28 co-stimulation (Supplementary Figure 3E). Increased proliferation was more pronounced in CD8+ than in CD4+ T cells. Likewise, αEpCAM–αCD28 rescued T cell proliferation triggered by αCEA–αCD3 and αEGFR–αCD3 BiMAb. Only in combination with the αEpCAM–αCD28 BiMAb, αCEA–αCD3 and αEGFR–αCD3 BiMAb elicited sizable secretion of IFN-γ and IL-2 (Figure 3C and Supplementary Figure 3F).

We next evaluated dose responses of αCEA or αEGFR-reactive αCD3 BiMAb in combination with αEpCAM–αCD28 (Supplementary Figures 3G, H). In accordance with the BiMAb titration data shown in Figure 1, co-stimulation through EpCAM greatly augmented CD8+ and CD4+ T cell cytotoxicity, activation and proliferation. While combinations of CEA-reactive (Supplementary Figure 3G) and EGFR-reactive (Supplementary Figure 3H) stimulatory and co-stimulatory BiMAb induced quantitatively weak and non-saturating responses (up to 10 nM), the combinatory use with αEpCAM–αCD28 elicited considerable activating effects with EC50 values in these assays ranging from ~100-200 pM.

We next analysed to which extent BiMAb-mediated co-stimulation was influenced by receptor density on the target cell. To that end we pre-incubated MCF-7 cells with titrated amounts of trastuzumab antibody before addition of purified T cells and αEpCAM–αCD3 +/- αHER2–αCD28 BiMAb in co-culture experiments for 48 h (Supplementary Figures 4A, B) or 5 days (Supplementary Figure 4C). Pre-incubation with 0.1 nM trastuzumab (i.e. ~3 x 105 antibody molecules offered per MCF-7 cell) did not block CD8+/CD4+ T cell activation measured by CD25/4-1BB or CD25/OX40 co-expression (Supplementary Figure 4A), respectively, as well as cytotoxicity measured in the LDH release assay (Supplementary Figure 4B). 1, 10 and 100 nM trastuzumab fully abrogated co-stimulation by the αHER2–αCD28 BiMab (containing trastuzumab VH and VL sequences in the scFv format). The proliferation of CD4+ T cells, and to a lesser extent of CD8+ T cells, was also inhibited with increasing amounts of trastuzumab (Supplementary Figure 4C).

Taken together, a co-stimulatory αCD28 BiMAb engaging the highly expressed antigen EpCAM enhanced the efficacy of αCD3 BiMAb recognizing a second TAA on the same tumor cell. This approach appears to be particularly useful for αCD3 BiMAb targeting tumor antigens expressed at low levels.



Split Co-Stimulation in Multicellular Tumor Spheroids

Multicellular, three-dimensional organoid models are suitable to recapitulate in vivo cell-cell interactions (31, 32). We generated in vitro tumor spheroids from MCF-7 breast cancer cells to further evaluate the capacity of our BiMAb to mediate anti-tumor responses in a more challenging 3D model. Tumor cells formed clusters within 24 h after seeding in Matrigel and formed compact spheroids reaching about 1 mm diameter after 2-3 days. T cell infiltration and tumor cell lysis mediated by BiMAb were investigated by fluorescence microscopy. MCF-7 tumor spheroids formed with CTV-labeled MCF-7 cells were co-cultured with CFSE-labelled T cells and bispecific antibodies (Figure 4A). CFSE+ T cells accumulated in a dense layer around spheroids. Upon combined treatment with αEpCAM–αCD3 and αEpCAM–αCD28 BiMAb, an extensive T cell infiltration throughout spheroid masses was observed, whereas with singly used αCD3 or αCD28 BiMAb spheroids were microscopically comparable to untreated controls displaying a low degree of spontaneous T cell infiltration as indicated by small scattered CFSE+ cell clusters appearing inside spheroids. Single use of the αCD3 BiMAb, but not the αCD28 BiMAb, elicited a minor degree of cytotoxicity as evidenced by propidium iodide staining. However, this tumor cell lysis appeared to be confined to the outer rim of spheroids, whereas the addition of co-stimulatory αCD28 BiMAb resulted in an intense and permeating PI staining, indicative of a high degree of tumor cell lysis caused by spheroid-infiltrating cytotoxic T cells. Cell death visualized by PI staining was quantified by LDH release into the supernatant as shown in Figure 4C.

Next, we examined the possibility of an extended split co-stimulation approach by targeting distinct antigens on two different tumor cells in order to deliver activating and co-stimulatory signaling to T cells. Based on the surface expression levels of EpCAM, HER2, FAP and PD-L1, we chose to generate mixed multicellular tumor spheroids by blending the MCF-7 breast cancer cell line and FAP-transfected HT-1080 fibrosarcoma cells serving as a surrogate for FAP-expressing cancer-associated fibroblasts in tumor stroma. MCF-7 expressed EpCAM and HER2 but were negative for FAP and PD-L1, while HT-1080/FAP cells displayed the opposite phenotype (Figure 4B). Single use of either of the three αTAA–αCD3 BiMAb demonstrated no significant effect on cytotoxicity as measured by LDH release, whereas the combination of activating and co-stimulatory BiMAb significantly enhanced tumor cell lysis compared to treatment with αCD3 BiMAb alone (Figure 4C). The highest cytotoxicity was observed using a combination of αCD3 and αCD28 BiMAb targeting EpCAM. The αCD28 bispecific antibodies directed against HER2, FAP or PD-L1 also promoted significant cytotoxic effects in combination with αEpCAM–αCD3, albeit slightly weaker compared to αEpCAM–αCD28. Remarkably, we observed significant co-stimulatory effects exerted by αFAP–αCD28 and αPD-L1–αCD28 BiMAb when using αEpCAM–αCD3 or αHER2–αCD3 stimulatory BiMAb. Vice versa, co-stimulation through EpCAM or HER-2 significantly enhanced FAP-mediated tumor cell lysis, suggesting that T cells engaged carcinoma and sarcoma cells concomitantly. Similar results were observed for CD8+ T cell activation assessed by CD25/4-1BB co-expression (Figure 4D) and CD4+ T cells (Supplementary Figure 5A). Regarding T cell proliferation, treatment with αCD3 BiMAb alone induced only a minor degree of CD4+ and CD8+ T cells proliferation which was not significant (Figure 4E). Addition of αCD28 BiMAb clearly enhanced T cell proliferation when compared to αCD3 single use. Interestingly, αCD28 BiMAb particularly induced proliferation of CD8+ T cells, as the frequencies of those cells increased by at least 2-fold in comparison to αCD3 BiMAb treatment alone, regardless of the examined TAA combination. For CD4+ T cells, only some combinations of (co)-stimulatory BiMAb significantly enhanced proliferation (see legend to Figure 4). Treatment with αTAA–αCD3 BiMAb alone did not trigger notable IFN-γ secretion (Figure 4F). In contrast, addition of co-stimulatory αTAA x αCD28 BiMAb induced a highly significant release of IFN-γ, regardless of the chosen target antigen. A comparable enhancement was observed for IL-2 release (Supplementary Figure 5B). We conclude that co-stimulatory BiMAb targeting a second tumor-associated antigen on either the same or on a second distinct tumor cells in mixed tumor cell spheroids demonstrated considerable efficacy in combination with a panel of αCD3 BiMAb.

We also asked whether bystander cytotoxicity would occur in adherent cell co-culture assays with confluent EpCAM+ MCF-7 and EpCAM– HT-1080/FAP target cells (Figure 4B) mixed in a 1:1 ratio. Using αEpCAM–αCD3 BiMAb to stimulate T cells and αEpCAM–αCD28 or αFAP–αCD28 BiMAb for co-stimulation, we confirmed that cytoxicity against MCF-7 could be co-stimulated by either of the two CD28 BiMAb (Supplementary Figure 5C). ~25%-30% dead EpCAM– HT-1080/FAP target cells were observed when co-stimulatory αFAP–αCD28 and αEpCAM–αCD28 BiMAb were present in the assay, suggesting that release of cytotoxic granules by activated T cells was not strictly focussed on MCF-7 targets.



Split Co-Stimulation With TNFL Bifunctional Fusion Proteins

In addition to αCD28 bispecific antibodies, we evaluated the capacity of four members of the TNF ligand superfamily, 4-1BBL (TNFSF9), OX40L (TNFSF4), CD70 (TNFSF7), and TL1A (TNFSF15) to provide co-stimulation to T cells in the context of bifunctional reagents. We generated bifunctional fusion proteins containing N-terminal αFAP or αEpCAM scFv antibodies as in tetravalent hIgG1-Fc-based BiMAb, however, replaced the C-terminal αCD28 scFv by a single extracellular domain of either 4-1BBL, OX40L, CD70 or TL1A. The co-stimulatory capacities of αEpCAM–TNFL fusion proteins were first examined with 2D adherent MCF-7 cells with regard to cytotoxicity elicited by the weakly expressed tumor antigens CEA and EGFR. In line with results shown above (Figure 3), the co-stimulation-dependent αCEA–αCD3 and αEGFR–αCD3 BiMAb alone did not trigger cytotoxicity against MCF-7 targets and could not be rescued by co-stimulation through αCEA–αCD28 or αEGFR–αCD28, respectively (Figure 5A). Highly significant enhancement of cytotoxicity, however, was achieved by inclusion of αEpCAM–αCD28 and either of the four αEpCAM–TNFL fusion proteins.




Figure 5 | (A) Split co-stimulation with αEpCAM–TNFL fusion proteins in the 2D adherent cell model. αCEA–αCD3 (1 nM, left) or αEGFR–αCD3 BiMAb (1 nM, right) were used in cytoxicity assays (LDH release) with MCF-7 target cells (E:T ratio 2:1) +/- the indicated αEpCAM–TNFL fusion proteins (1 nM) or αCEA/EGFR–αCD28 BiMAb (1 nM) that were used for statistical comparison by one-way ANOVA with Dunnett’s follow-up test. (B–F) Bifunctional αTAA scFv–TNFL fusion proteins provide co-stimulation to αCD3 BiMAb-activated T cells in a split co-stimulation approach in the 3D spheroid model. Tumor spheroids containing MCF-7 + HT-1080/FAP cells in a 1:1 ratio were co-cultured with purified unstimulated T cells and combinations of αEpCAM–αCD3 BiMAb +/- 10 nM αFAP–αCD28 BiMAb or 10 nM fusion proteins of αFAP scFv-hIgG-Fc and ectodomains of tumor necrosis factor superfamily ligands (TNFL) 4-1BBL, CD70, OX40L or TL1A. (B) Cytotoxicity based on LDH release, measured in supernatants collected after 48h of co-culture. (C) Frequencies of CD25 and 4-1BB double positive CD8+ T cells analyzed by flow cytometry. (D) Proliferation of CTV-labelled CD4+ and CD8+ T cells measured by flow cytometry after 5 days of co-culture. Proliferation of CD4+ T cells was not significantly enhanced. Cytokine release (in pg/ml) of IFN-γ (E) and IL-2 (F) was measured after 48 h of co-culture by ELISA. Data represent the mean ± SEM from 3 independent experiments in duplicates. Statistical analysis vs. αEpCAM-αCD3 groups by one-way ANOVA (B, C, E, F) or two-way ANOVA (D), both with Dunnett’s follow-up test; ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



The four αFAP–TNFL bifunctional reagents were studied in the 3D tumor spheroid model with MCF-7 and HT-1080/FAP cells blended in a 1:1 ratio. Consistent with absent T cell stimulation by the αFAP–αCD28 BiMAb alone, αFAP–TNFL fusion proteins displayed no effect regarding tumor cell lysis when used as single reagents (Figure 5B). Again, the αEpCAM–αCD3 BiMAb alone elicited only an insignificant degree of cytotoxicity. High levels of cytotoxicity were induced by the combination of αEpCAM–αCD3 and co-stimulatory αFAP–αCD28 with approximately 50% of tumor cells being lysed. When combining αFAP–TNFL fusion proteins with αEpCAM–αCD3, we observed a significant augmentation of cytotoxicity for all four constructs, suggesting that they were able to deliver co-stimulation for cytotoxic effector functions by engaging the FAP antigen expressed on admixed fibrosarcoma cells. Among the TNFL members investigated, OX40L and CD70 displayed the weakest cytotoxic effect (30% and 24.5% tumor cell death, respectively). 4-1BBL and TL1A induced comparable cytotoxic effects with 36.2% and 38.2% of tumor cells lysed, respectively, when used at an equimolar concentration of 10 nM. We observed a similar pattern regarding activation marker expression on CD8+ T cells. Combination of αEpCAM–αCD3 with αCD28, 4-1BBL or TL1A fusion proteins significantly enhanced co-expression of CD25/4-1BB on CD8+ T cells (Figure 5C) or CD25/OX40 on CD4+ T cells (Supplementary Figure 5D).

CD8+ T cell proliferation which was significantly enhanced compared to solely used αEpCAM–αCD3 by αFAP–αCD28 BiMAb and αFAP–TNFL fusion proteins containing 4-1BBL, OX40L or TL1A whereas there were only tendencies to increase proliferation of CD4+ T cells (Figure 5D). Regarding cytokine release, the TNFL bispecific fusion proteins displayed weaker co-stimulatory effects compared to the αFAP–αCD28 BiMAb (Figures 5E, F) with only 4-1BBL inducing a significant rise in IL-2 secretion and 4-1BBL and TL1A in IFN-γ secretion, in comparison to treatment with αEpCAM–αCD3 only. Together, the results suggest a hierarchy in the co-stimulatory capacity of the herein used αFAP–TNFL fusion proteins in the order 4-1BBL, TL1A, OX40L, and CD70.



ICI Antibodies Enhance Anti-Tumor Effects of BiMAb-Induced Co-Stimulation

We next investigated the question whether a combination of αCD3/αCD28 BiMAb with immune checkpoint inhibitor antibodies would further augment anti-tumor effects. The rationale to examine this combinatory approach was based on our observation of enhanced checkpoint receptor expression on T cells activated by BiMAb. In 2D co-culture experiments of MCF-7 with T cells, treatment with the αEpCAM–αCD3 BiMAb alone led to a rapid upregulation of PD-1 (Figure 6A) and PD-L1 (Figure 6B) on CD8+ and CD4+ T cells. Addition of the co-stimulatory αEpCAM–αCD28 BiMAb further enhanced PD-1 and PD-L1 expression, whereas αEpCAM–αCD28 BiMAb alone had no effect on immune checkpoint receptor expression. Upregulation of PD-1 and PD-L1 surface expression in the presence of αEpCAM–αCD28 co-stimulation persisted on CD4+ and CD8+ T cells over 7 days, while PD-1 and PD-L1 expression declined after 72 h when only the αEpCAM–αCD3 BiMAb was present (Figures 6A, B). Notably, we found a similar induction of PD-L1 on tumor cells. In response to BiMAb-mediated T cell activation, PD-L1-deficient MCF-7 cells significantly increased PD-L1 surface expression (Figure 6C). Again, PD-L1 upregulation was further enhanced by the αCD3 and αCD28 BiMAb combination, resulting in a frequency of approximately 60% PD-L1+ MCF-7 cells. Small subpopulations of CD8+ and CD4+ T cells upregulated CTLA-4 expression in co-cultures with MCF-7 cells in the presence of αEpCAM–αCD3 BiMAb and the αEpCAM–αCD3/CD28 BiMAb combination (data not shown).




Figure 6 | BiMAb-mediated T cell activation induces expression of PD-1 and PD-L1; blockade of immune checkpoints enhances the efficacy of BiMAb in MCF-7 + HT-1080/FAP tumor spheroids. Time course of PD-1 (A) and PD-L1 (B) expression on CD8+ and CD4+ T cell subsets co-cultured with MCF-7 in the presence of αEpCAM–αCD28, αEpCAM–αCD3 or a combination of both at 1 nM concentration for 7 days. Means ± SEM from 3 independent donors are shown. Co-stimulation leads to a rapid and permanent induction of PD-1 and PD-L1. (C) After 48 h of co-culture with CD3+ T cells and the indicated BiMAb, upregulation of PD-L1 on MCF-7 cells was detected via flow cytometry. (D–I) MCF-7 + HT-1080/FAP tumor spheroids were co-cultured with purified unstimulated T cells and combinatory settings of EpCAM-targeting αCD3 +/- αCD28 BiMAb in the presence or absence of immune checkpoint inhibitor (ICI) antibodies, ipilimumab (αCTLA-4), nivolumab (αPD-1) or durvalumab (αPD-L1). Concentrations of bispecific and ICI antibodies were 10 nM and 100 nM, respectively. (D) Supernatants were collected after 48 h of co-culture and tumor cell lysis was measured via LDH release assay. (E) Frequencies of proliferating CD4+ and CD8+ T cells were measured by flow cytometry (CTV dilution) after 5 days of incubation. CD4+ T cell proliferation was not significantly enhanced by ICI antibodies. (F) BiMAb-mediated T cell activation was detected by flow cytometry based on surface co-expression of CD25 and 4-1BB for CD8+ T cells and (G) CD25 and OX40 for CD4+ T cells, respectively. Cytokine release (in pg/ml) of IFN-γ (H) and IL-2 (I) was measured after 48 h of co-culture by ELISA. Data represent mean values ± SEM from 3 independent experiments performed in duplicates. Statistical analysis by one-way ANOVA (C, D, F–I) or two-way ANOVA (E). Analysis of (D–I) included Dunnett’s follow-up test for comparison with αEpCAM-αCD3 + αEpCAM-αCD28 groups without ICI antibodies; ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



Subsequently, we examined the effect of immune checkpoint inhibitors targeting CTLA-4 and the PD-1/PD-L1 axis to further enhance the anti-tumor response using MCF-7 tumor spheroids. Although a minor but non-significant increase in tumor cell lysis was observed with the αCTLA-4 monoclonal antibody ipilimumab, the combinatorial setting of αCD3 BiMAb, αCD28 BiMAb and clinically used ICI antibodies resulted in no significant impact on cytotoxicity as measured after 48 h by LDH release (Figure 6D). ICI antibodies ipilimumab, nivolumab (αPD-1) and durvalumab (αPD-L1) significantly enhanced CD8+ T cell activation and to lesser extent also CD4+ T cell activation above the levels achieved by αCD3 plus αCD28 BiMAb (Figures 6F, G). Further we examined whether T cell proliferation could also benefit from checkpoint inhibition (Figure 6E). Enhancement of proliferation was detected in CD8+ T cells where the αPD-L1 mAb had the most pronounced effects whereas the proliferation of CD4+ cells was not significantly augmented by ICI antibodies. Finally, we observed stimulating effects of ICI antibodies on the release of IFN-γ and IL-2. Targeting the PD-1/PD-L1 axis with monoclonal antibodies in combination with αCD3/αCD28 BiMAb resulted in a ~2-fold increase in IFN-γ secretion, compared to BiMAb treatment alone (Figure 6H). Similarly, addition of αCTLA-4 mAb significantly increased IFN-γ release by factor 1.8. All checkpoint inhibitor mAbs significantly enhanced IL-2 secretion by a comparable ~1.7-fold increase (Figure 6I). Of note, when we applied ICI antibodies together with the αEpCAM–αCD3 BiMAb alone, in none of the functional assays a significant enhancement of T cell effector functions was detected (Figures 6D–I). Hence, immune checkpoint inhibitors were demonstrated to be specifically effective in combination with co-stimulatory αCD28 BiMAb.



Ex Vivo Patient-Derived Tumor Spheroids

We developed an ex-vivo patient-derived spheroid model to assess the efficacy of our co-stimulatory BiMAb on primary tumor cells enriched from malignant pleural effusions that were obtained from advanced stage breast cancer patients. Prior to the spheroid generation, target antigen expression of patient-derived breast cancer cells was characterized by flow cytometry inasmuch as sufficient material was available. Since we detected substantial surface expression of HER2 on all patient tumor cell samples we decided to use αHER2–αCD3 as stimulatory BiMAb. As shown in a representative manner for patient #6 (Figure 7A), PD-L1, EGFR and EpCAM were expressed to a lower degree or on subsets of tumor cells while FAP expression was absent. Ex-vivo spheroids were co-cultured with autologous PBMC obtained from each patient. Due to low amounts of breast cancer cells isolated from some pleural effusions, we could not conduct a comprehensive analysis of target antigens, examine every experimental condition with all patient samples nor study effects of ICI antibodies.




Figure 7 | Co-stimulatory BiMAb enhance activation of autologous T cells and induce tumor cell lysis in patient-derived tumor spheroids in vitro. Patient-derived tumor spheroids were generated in vitro with breast cancer cells purified from pleural effusions and co-cultured with autologous PBMC in the presence or absence of 10 nM αHER2– αCD3 +/- 10 nM αTAA–αCD28 BiMAb. TAA targeted by co-stimulatory BiMAb were HER2, EGFR, EpCAM and PD-L1. (A) TAA surface expression on purified tumor cells from a representative patient (#6) was analyzed by flow cytometry, staining with isotype control antibodies (dotted blue line) and αTAA mAb (green filled line). Examined TAA included HER2, PD-L1, EGFR, EpCAM and FAP. (B) Supernatants were collected after 48 h of co-culture and tumor cell lysis was measured by LDH release assay. (C) Frequencies of CD25+/4-1BB+ CD8+ T cells (left panel) and CD25+/OX40+ CD4+ T cells (right panel) analyzed via flow cytometry after 48 h of incubation. (D) T cell proliferation (CTV dilution) of CD8+ (left panel) and CD4+ (right panel) T cells, analyzed after 5 days of co-culture by flow cytometry. Results are shown as box and whisker plots with individual data points of n ≤ 8 patients. Statistical analysis by one-way ANOVA (B–D) with Tukey’s multiple comparison test, ns, not significant; *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.



Regarding cytotoxicity, treatment with αHER2–αCD3 alone demonstrated a weak and non-significant increase in tumor cell lysis compared to no-antibody controls (mean 8.4% vs. 1.8% specific LDH release) (Figure 7B). However, combination with co-stimulatory αCD28 BiMAb recognizing HER2, EpCAM, EGFR or PD-L1 significantly enhanced the anti-tumor immune response compared to no-antibody controls as well as to single treatment with αHER2–αCD3. With approximately 42% of cancer cells being lysed, the most prominent cytotoxic effect was observed with αHER2–αCD28 compared to treatment with αCD3 BiMAb alone, followed by αPD-L1–αCD28 and αEpCAM–αCD28. Regarding the activation of autologous CD4+ and CD8+ T cells, we observed a comparable pattern (Figure 7C). Treatment with αHER2–αCD3 alone significantly increased the frequency of activated CD4+/CD25+/OX40+ and CD8+/CD25+/4-1BB T cells. Furthermore, a significant upregulation of activation markers was achieved by combinatorial use of αHER2–αCD3 with either αCD28 BiMAb as compared with no-antibody controls. However, compared to αHER2–αCD3 single treatment, significance of the co-stimulatory setting was reached only for combinations with αCD28 BiMAb binding HER2 or PD-L1. (Figure 7C). Due to limiting amounts of tumor cells, we could only examine BiMAb-mediated effects on proliferation with ≤ 5 patient samples for most conditions (Figure 7D). αHER2–αCD3 alone significantly stimulated proliferation of CD8+ but not of CD4+ T cells. Except for αHER2–αCD28 in CD4+ T cells, the addition of αCD28 BiMAb further significantly enhanced proliferation of both T cell subsets as compared to no-antibody controls. Notably, the greatest enhancement of proliferation was observed in combination with αPD-L1–αCD28 BiMAb. Compared to αHER2–αCD3 alone, addition of αPD-L1–αCD28 promoted 3.5-fold and 5.2-fold increases in proliferating CD8+ and CD4+ T cells, respectively. In sum, we showed that also for tumor cell spheroids generated from patient-derived malignant effusions, the combinatory use of stimulatory and co-stimulatory BiMAb augmented tumor cell lysis by autologous T cells and enabled a more pronounced in vitro T cell activation and proliferation.




Discussion

We studied the characteristics and efficacy of bispecific constructs providing co-stimulatory signals to T cells, that receive an activating signal through BiMAb-mediated cross-linking of the CD3ϵ molecule serving as surrogate for the canonical TCR α/β–MHC-I/II interaction. For bispecific antibodies we utilized a tetravalent (scFv1-FcKO-scFv2)2 format that was recently shown by us to be efficacious for the targeting of HBsAg expressed by HBV-infected or HBVenv-transfected hepatoma cells (26). To overcome the issue of Fc receptor engagement and inadvertent bystander T cell activation in the absence of tumor antigen recognition, we introduced mutations to silence the Fc domain in our constructs (26). Thus, the activity of our bispecific agents is independent of FcγR binding, but solely relies on cross-linking between tumor cells and T cells in an antigen-dependent manner. We demonstrated that our αTAA–αCD3 BiMAb are unable to stimulate T cells in the absence of tumor cells or when the relevant tumor-associated antigen is not expressed on the surface of a tumor cell. Importantly, we showed that our co-stimulatory αCD28 BiMAb and TNFL bispecific fusion proteins have no activity as single agents in the absence of TCR complex triggering, but drastically enhanced the magnitude of T cell activation and further boosted the anti-tumor response in combination with αCD3 bispecifics. We demonstrated that the co-stimulatory signal needs to be delivered in an appropriate spatiotemporal context since T cells pretreated with αCD3 BiMAb become refractory to the co-stimulatory activity of αCD28 BiMAb when administered temporally delayed, even when the αTAA–αCD28 BiMAb was suited to cross-link T cells and tumor cells. This feature provides for an important safety aspect diminishing T cell activation outside of tumor tissue, however, requires synchronous administration of two BiMAb.

Moreover, tumor-targeted co-stimulation was shown to reduce the required dose of αCD3 BiMAb to achieve T cell activation by at least 10-fold. Enhancement of T cell activation through co-stimulation was particular effective if the concentration of the αCD28 BiMAb was fixed at 10 nM (~1.68 mg/l) (see Figure 1G and Table 1). In that case, the EC50 for the αCD3 BiMAb regarding cytotoxicity against MCF-7 targets was 1.4 pM (~235 ng/l) and hence ~7000-fold lower than the αCD28 BiMAb concentration (10 nM). Thus, to best avoid unspecific T cell activation it could be advantageous to work with two independently titratable, stimulatory and co-stimulatory BiMAb rather than with a trispecific αTAA/αCD3/αCD28 antibody (33). Due to the complete lack of stimulatory activity of the αCD28 BiMAb, increasing its concentration appears to be an acceptable strategy.

It is of interest to discuss the tetravalent (scFv1-FcKO-scFv2)2 format used in this report in the context of BiMAb formats with other valencies of target antigen and T cell recognition (4–8, 24, 25). In a recent study (26), we carefully analyzed αHBsAg–αCD3/CD28 BiMAb of exactly the same molecular architecture as the TAA-reactive BiMAb used here representing a 2:2 ratio in terms of TAA and CD3ε/CD28 recognition, side by side with αHBsAg F(ab)–αCD3/28 scFv fusion proteins (FabMAb) with an 1:1 target/T cell ratio, which is also present in the BiTE/SMITE tandem di-scFv format (20, 22, 23). Both 2:2 BiMAb and 1:1 FabMAb formats proved to be highly similar in terms of HBsAg binding, T cell binding, T cell activation, dependence of CD28-mediated co-stimulation, induction of proliferation, cytokine release and cytotoxicity against HBsAg-positive targets. The major difference consisted in the in vivo half-life that was <6 h for the FabMAb (~78 kDa) and >72 h for the BiMAb (~170 kDa). The findings indicated that the BiMAb format containing an Fc portion that allows recycling through the neonatal Fc receptor, has advantageous pharmacokinetic properties in vivo. While it seems reasonable that the reported comparable potencies of HBsAg BiMAb of 2:2 and 1:1 formats can be extrapolated to the αEpCAM/HER2/EGFR/CEA/FAP/PD-L1 BiMAbs used here, it still needs to be tested how a 2:1 bispecific IgG antibody format (34) would perform in comparison with the 2:2 BiMAb format.

Our experiments revealed a slightly weaker anti-tumor response in the in vitro spheroid model as compared to monolayer cultures which is likely due to the fact that, similar to naturally grown tumor masses, cytotoxic T cells need to infiltrate spheroids formed in Matrigel and BiMAb enter by diffusion or are carried on the surface of infiltrating T cells. Notably, solely administered αCD3 bispecific antibodies displayed no significant efficacy in functional T cell assays involving spheroids except for inducing a minor degree of T cell proliferation. Based on these observations, BiMAb providing co-stimulation demonstrated to be essential in promoting robust anti-tumor immune responses in breast cancer and mixed tumor organoids.

The success of treating hematological malignancies with bispecific antibody formats such as blinatumomab fueled efforts to expand this approach to the more challenging treatment of solid tumors (7, 8). One obstacle is the choice of an appropriate target, as most conventional solid tumor antigens such as EpCAM, HER2 or EGFR are not tumor-specific, being expressed to various degrees in healthy tissues as well. Therefore, T cell-recruiting bispecific antibodies would require TAA having a high selectivity for the malignant cell population in order to spare vital, healthy tissues from destruction by activated T cells as much as possible. By targeting various TAA on different tumor cells, our studies demonstrated that split co-stimulation, even involving antigens individually expressed by mixed breast carcinoma and fibrosarcoma cells, is a valid approach to enhance immune responses. We showed that targeting FAP on a second distinct cell line allowed to deliver co-stimulatory signals to T cells targeting a conventional TAA on other tumor cells. Such a split co-stimulation approach could potentially limit systemic toxicities, while increasing T cell activation and effector functions predominantly at the tumor site. These promising results are in full agreement with recent reports demonstrating the feasibility of split co-stimulation using different molecular architectures of αCD28 BiMAb and target antigens (20, 21). Provided that an αCD3 BiMAb shows no tumor-independent activation of T cells and an αCD28 BiMAb acts in a strictly co-stimulatory manner, a pan-epithelial cell surface antigen should be usable for split co-stimulation against carcinoma cells. The results presented in this work suggest that the αEpCAM–αCD28 BiMAb could fulfill these requirements in combination with, e.g., αCEA–αCD3 or αEGFR–αCD3 BiMAb.

The same consideration holds for the FAP antigen that is consistently expressed on activated cancer-associated fibroblasts (35, 36). Extending reports on αFAP–B7.1 and αFAP–4-1BBL fusion proteins (16–19) we show here that a tetravalent bispecific αFAP–αCD28 antibody can provide efficient co-stimulation in our mixed MCF-7/HT-1080-FAP tumor cell spheroids for T cell activation that is delivered through e.g., αEpCAM–αCD3 or αHER2–αCD3 BiMAb. Preliminary experiments using adherent MCF-7 and HT-1080/FAP cells seeded at high and low cell densities demonstrated that co-stimulation via a second target cell required (sub)confluent monolayers, suggesting that responding T cells simultaneously contacted both types of tumor cells for stimulation and co-stimulation, respectively. In our model of mixed tumor cell spheroids close contacts between carcinoma and fibrosarcoma cells are expected to occur that might even lead to a minor degree of plasma membrane exchange and bystander killing of cells not expressing the TAA targeted by the αTAA–αCD3 BiMAb as demonstrated in Supplementary Figure 5C and previously shown for EGFR/CD3 BiTEs (37). We are presently studying these possibilities also in mixed tumor spheroids with different cellular compositions that could be developed as a model for the effect of BiMAb-mediated T cell activation in de-differentiated carcinomas with high contents of stroma cells.

A number of previous studies addressed co-stimulatory properties of members of the TNF ligand superfamily including 4-1BBL, OX40L, GITRL and LIGHT using (αTAA scFv–TNFL)3 homotrimers or fusion proteins of αTAA scFv antibodies with single chain TNFL (14–17), or studied a heterodimeric knob-in-hole IgG-like F(ab)-Fc/(4-BBL)3-Fc fusion protein (18, 19). To maintain a bivalent interaction with the tumor antigen of choice, we chose to replace the C-terminal scFv antibody in homodimeric tetravalent BiMAb by the ectodomain of either 4-1BBL, OX40L, TL1A or CD70. We compared co-stimulation by αTAA–αCD28 with αTAA–TNFL fusion proteins side by side. In keeping with earlier reports (15–18) we observed a considerable co-stimulatory activity of 4-1BBL and OX40L ectodomains in fusion proteins with αEpCAM or αFAP scFv antibodies that was, however, slightly inferior to αCD28 BiMAb when used in equimolar amounts.

In this work, we further expanded the scope of co-stimulatory agents. We present, to our knowledge, the first bifunctional TNF-like ligand 1A (TL1A/TNFSF15) fusion proteins to deliver tumor-targeted co-stimulation. TL1A fusion proteins co-stimulated robust anti-tumor responses comparable to 4-1BBL. TL1A is a member of the TNF superfamily that attracted less attention than the co-stimulatory receptors mentioned above and is found mainly on the surface of DCs, B cells and macrophages (38). TL1A binds to death receptor 3 (DR3/TNFRSF25) that is upregulated on activated T cells, B cells and NK cells (39). The TL1A-DR3 interaction supports T cells in the late phase of an immune response, promoting proliferation and cytokine production (40). Treg constitutively express DR3 on their surface, however, TL1A has been shown to diminish the immunosuppressive capacity in pre-clinical studies (41). The number of reports evaluating the role of TL1A in anti-tumor responses remains rather limited to date. Nevertheless, the co-stimulatory effects of the TL1A-DR3 axis could potentially be used to support anti-tumor responses and deserves further investigation. Since TL1A, also named VEGI, suppresses the growth of vascular endothelial cells (42), targeted delivery of co-stimulatory TL1A fusion proteins could serve as an inhibitor of tumor neo-angiogenesis.

Also CD70 (TNFSF7) as the ligand for the CD27 receptor that is constitutively expressed on resting lymphocytes has not been analyzed in bifunctional fusion proteins. The CD27-CD70 interaction induces T cell survival, clonal expansion and enhanced effector functions (43, 44). As compared with three other TNFL studied here, CD70 showed, however, the lowest co-stimulatory capacity.

Clinical trial designs evaluating new cancer treatments often include a combination with immune checkpoint inhibitors (1, 2). A combinatorial setting of bispecific antibodies and checkpoint inhibitors may be beneficial as well to improve the anti-tumor response. Indeed, our work using mixed MCF-7 + HT-1080/FAP tumor spheroids demonstrated further enhancement of T cell stimulation by ICI. Blocking CTLA-4 or the PD-L1/PD-1 axis increased the efficacy of αCD3/αCD28 BiMAb in terms of T cell activation, proliferation, and cytokine secretion (see Figure 6). Combination of co-stimulation and checkpoint inhibition can be achieved by simple addition of ICI antibodies (45, 46) or by inclusion of ICI antibody specificities in BiMAb (20, 47). In line with a previous report (20) using a tandem di-scFv format, we demonstrated a significant capacity of a tetravalent αPD-L1–Fc–αCD28 BiMAb to co-stimulate T cell activation triggered by αEpCAM–αCD3, αHER2–αCD3 or αFAP–αCD3 (see Figures 4, 7). While PD-L1 can constitutively be expressed on tumor cells (see Figures 4B, 7A), or be upregulated on tumor cells during co-culture with activated T cells (see Figure 6C), it is important to note that cytotoxic T cells consistently upregulated PD-L1 themselves upon activation with αCD3/αCD28 BiMAb (see Figure 6B). Therefore, we cannot exclude that co-stimulation by the αPD-L1–αCD28 BiMAb was in part related to PD-L1 and CD28 cross-linking in cis on the cell surface of an individual T cell or in trans between T cells. Since this could lead to bystander T cell activation independent of tumor antigen binding, the clinical application of αPD-L1–αCD28 co-stimulatory BiMAb should be considered with caution.

Sustained effector T cell activation in the tumor microenvironment is difficult to achieve due immunosuppressive cytokines secreted by the malignant cell population and tumor-associated myeloid-derived suppressor cells (48). We have shown that two relevant immunosuppressive factors, IL-10 and TGF-β, in high concentrations can extensively block cytotoxicity, CD8+ and CD4+ T cell activation, cytokine secretion, proliferation and differentiation of naïve T cells into central and effector memory cells in vitro (see Figure 2) when activated through an αCD3 BiMAb in the presence of MCF-7 tumor cells. Immunosuppressive effects of IL-10 and TGF-β in combination were almost completely rescued by addition of 1 nM of co-stimulatory αEpCAM–αCD28 BiMAb for all assay parameters examined, except for IFN-γ and IL-2 secretion that were only partially rescued. In line with an earlier report employing TNFL fusion proteins for co-stimulation (17), the impressive effects of co-stimulation shown here advocate the use of suitable BiMAb to maintain effector T cells in tumor tissues and to invigorate the response of circulating central memory T cells.

Several clinical trials evaluated safety and efficacy of CD3-based bispecific antibodies. However, dose-limiting toxicities often impaired therapeutic success. A phase I study examining an αEpCAM–αCD3 BiMAb (solitomab/AMG 110) in patients with refractory solid tumors revealed persistent dose-dependent gastrointestinal toxicities (49). Endoscopic examination of the duodenum exposed widespread mucosal atrophy, as EpCAM is also found on the epithelia of the colon and intestine. Confirmed stable disease was the best overall response achieved in this study, as target-related side effects prevented dose escalation to therapeutic levels. Other phase I trials targeting CEA or HER2 with αCD3 bispecific antibodies in patients with advanced solid tumors showed manageable treatment-related toxicities, while disease stabilization was observed in a minority of patients with one partial response (50, 51). A recently published dose escalation study evaluated pasotuximab, an αPSMA–αCD3 BiTE, in patients with castration-resistant prostate cancer. Serious treatment-related adverse events were reported in more than 70% of patients (52). According to RECIST criteria the best overall response was disease stabilization. However, two patients had long-term responses, of which one with significant regression of lymph node and bone metastases. Nevertheless, the therapeutic efficacy of αCD3 BiMAb in solid tumors evidently lags behind hematological malignancies. Dose-limiting toxicities, mostly reversible upon treatment discontinuation, further obstruct broad clinical applications. As currently no other bispecific construct achieved regulatory approval, the αCD19–αCD3 BiTE, blinatumomab, remains the only BiMAb being successfully applied in the clinic (22, 23).

A combinatory approach using separate αTAA1–αCD3 and αTAA2–αCD28 BiMAb could help to focus immune responses at the tumor site and thereby allow to use low doses of αTAA1–αCD3 BiMAb in order to limit inadvertent T cell activation in the periphery and resulting systemic toxicities due to excessive cytokine release. We demonstrated that αCD3 BiMAb have rather limited efficacy in our ex-vivo patient-derived breast cancer spheroid model but promoted substantial tumor cell killing in combination with co-stimulatory bispecific antibodies. In this work we showed that bispecific antibodies with an (scFv-FcKO-scFv)2 molecular architecture have substantial efficacy against human cancer cells, with co-stimulatory BiMAb playing an essential role in the anti-tumor responses. Combined use of αCD3 and co-stimulatory αCD28 BiMAb was shown here to efficiently activate autologous T cells in an ex-vivo spheroid model leading to remarkable tumor cell eradication. Thus, the ability of BiMAb to stimulate the patient’s immune system against their own cancer was demonstrated, while emphasizing the importance and potential of targeted co-stimulation. Like chimeric antigen receptor (CAR)-transduced T cells, expressing receptors providing both stimulatory and co-stimulatory signals, we believe that a similar approach, combining stimulatory and co-stimulatory BiMAb, may be beneficial for treating solid tumors especially when co-stimulation involves a second tumor-associated antigen or a tumor stromal antigen.
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Supplementary Figure 1 | (A–C) Assays were performed in 2D adherent cell cultures using serial dilutions of control αFAP–αCD3 BiMAb +/– co-stimulatory control αFAP–αCD28 BiMAb used at equimolar concentrations, purified unstimulated T cells isolated from healthy donors as effector cells and MCF-7 as target cells (E:T ratio 2:1). (A–C) share the legend. (A) After 48 h of co-culture, BiMAb-mediated CD8+ (top) and CD4+ (bottom) T cell activation indicated by CD25 and 4-1BB, or CD25 and OX40 surface co-expression was measured by flow cytometry. T cells only (left) vs. MCF-7/T cell co-culture (right). (B) CTV-labelled T cells were used for co-culture and after 5 days of incubation CD8+ (top) or CD4+ (bottom) T cell proliferation was measured by flow cytometry based on CTV dilution. (C) Supernatants were collected after 48 h from co-culture assays and cytotoxicity was measured based on lactate dehydrogenase (LDH) release from lysed cells. (D) Representative FACS plots showing CD25 and 4-1BB surface expression on CD8+ T cells (top) and CD25 and OX40 surface expression on CD4+ T cells (bottom) after co-culture with MCF-7 cells and 1 nM αEpCAM–αCD3 +/- αEpCAM–αCD28 BiMAb. (E) Representative histograms of BiMAb-induced proliferation of CTV-labelled CD4+ T cells incrementally losing CTV staining with each cell division. No compound control (blue filled), BiMAb treatment (1 nM) as indicated (green filled). Fraction of proliferating cells is indicated. (F) Consecutive co-stimulation does not stimulate T cells with pre-bound αCD3 BiMAb. T cells in MCF-7 and HT-1080/FAP co-cultures or purified T cells alone were pre-incubated with 1 nM of αEpCAM–αCD3 (MCF-7, T cells only) or αFAP–αCD3 (HT-1080/FAP) BiMAb for 48 h (1st incubation). T cells were collected and co-cultured again for 48h in the presence or absence of fresh MCF-7, HT1080-FAP or no target cells and 1 mM αCD3 +/- αCD28 BiMAb as indicated (2nd incubation). Activation based on CD25 and OX40/4-1BB co-expression on CD8+ (left panel) and CD4+ (right panel) was analyzed by flow cytometry. Temporally separated T cell co-stimulation by αEpCAM–αCD28, αFAP–αCD28 or αPD-L1–αCD28 BiMAb in the presence of TAA-expressing tumor cells did not lead to activation while this required newly added αCD3 BiMAb. Data represent mean values ± SEM from 3 independent experiments each performed in triplicates. Statistics were performed by one-way ANOVA test with Dunnett’s follow-up test vs. no compound control, ****p < 0.0001.

Supplementary Figure 2 | Co-stimulation overrides immunosuppressive effects of exogenous IL-10 and TGF-β. (A) CD4+ T cell activation was determined by flow cytometry and shown as percentages of CD25+/OX40+ T cells. (B) Frequencies of proliferating CD4+ T cells was measured by flow cytometry based on CTV dilution after 5d of incubation. Data represent mean values ± SEM from 3 independent experiments each done in duplicates that were statistically analyzed by two-way ANOVA followed by Tukey’s multiple comparison test (A, B), ns, not significant; *p < 0.05; ****p < 0.0001.

Supplementary Figure 3 | Co-stimulatory αEpCAM–αCD28 BiMAb rescue failing T cell activation by αCD3 BiMAb recognizing a second, weakly expressed TAA on MCF-7 target cells. (A) CD8+ and CD4+ T cell activation after 48h of incubation was analyzed by flow cytometry based on surface co-expression of CD25/4-1BB and CD25/OX40, respectively. (B, E) After 5 days of co-culture, frequencies of proliferating CTV-labelled CD4+ and CD8+ T cells were detected by flow cytometry. (C) Percentages of CD25/4-1BB-expressing CD8+ T cells and (D) CD25/OX40-expressing CD4+ T cells were determined by flow cytometry after 48 h of co-culture. (F) IL-2 secretion (in pg/ml) in T cell co-cultures with MCF-7 cells and the indicated αTAA–αCD3 +/- αTAA–αCD28 BiMAb was measured after 48 h by ELISA. Titrations of αCEA (G) and αEGFR-binding (H) αCD3 BiMAb with either co-stimulatory αTAA–αCD28 or αEpCAM–αCD28 BiMAb. Cytotoxicity measurements were based on LDH released by lysed tumor cells after 48 h (left). BiMAb-mediated T cell activation was assessed by flow cytometry based on the co-expression of CD25/4-1BB for CD8+ T cells and CD25/OX40 for CD4+ T cells, respectively. Proliferation was analyzed by flow cytometry based on CTV dilution. Data represent the mean ± SEM from 3 independent experiments done in triplicates with statistical analysis by one-way ANOVA (A, C, D, F) or two-way ANOVA tests (B, E), followed by Tukey’s multiple comparison test (A, C–F) or Dunnett’s follow-up test for comparison with no compound control (B): ns, not significant; ***p < 0.001; ****p < 0.0001. EC50 values were calculated with GraphPad Prism™ Software using non-linear regression log (agonist) vs. response variable slope with a robust fit. EC50 values are only shown for αCEA/αEGFR–αCD3 + αEpCAM–αCD28 BiMAb since αCEA/EGFR–αCD28 BiMAb did show co-stimulatory effects or lacked saturation at 10 nM.

Supplementary Figure 4 | MCF-7 cells were pre-incubated with serial dilutions of the HER2-targeting monoclonal antibody trastuzumab (0, 0.1, 1, 10, 100 nM). After 24 h, purified CD3+ T cells and 1 nM αEpCAM-αCD3 +/- αCD28 HER2-targeting BiMAb were added to the culture and further incubated for 48h or 5 days, respectively. (A) CD8+ (left) and CD4+ (right) T cell activation after 48h of incubation was analyzed by flow cytometry based on surface co-expression of CD25/4-1BB and CD25/OX40, respectively. (B) Cytotoxicity based on LDH release, measured in supernatants collected after 48 h of co-culture. (C) After 5 days of co-culture, frequencies of proliferating CD4+ and CD8+ T cells were detected by flow cytometry based on CTV dilution. Data represent the mean ± SEM from 3 independent experiments done in duplicates. Statistical analysis in (A–C) was conducted by one-way ANOVA followed by Dunnett’s multiple comparison test for comparison with the αEpCAM-αCD3 + αEpCAM-αCD28 condition, ns, not significant; **p < 0.01, ***p < 0.001, ****p < 0.0001.

Supplementary Figure 5 | Split co-stimulation of T cells by αCD28 BiMAbs or αFAP–TNFL fusion proteins targeting TAAs on different target cells in mixed MCF-7 + HT-1080/FAP tumor spheroids. (A) BiMAb-mediated CD4+ T cell activation was detected by flow cytometry based on surface co-expression of CD25 and OX40. (B) Concentrations of IL-2 (in pg/ml) in cell culture supernatants of co-culture were determined by ELISA. (C) Mixed co-cultures of CellTrace Violet-labelled MCF-7 and CellTrace FarRed-labelled HT-1080/FAP cells (1:1 ratio) were established in 24-well plates, with a total cell number of 5x105 per well. Purified unstimulated T cells (2.5x105 cells per 24-well) and combinations of αEpCAM–αCD3 +/- αTAA–αCD28 BiMAb at 1 nM final concentration were added to the culture and incubated for 48 h. Frequencies of living/dead tumor cells were assessed using Zombie Aqua viability staining by flow cytometry. MCF-7 and HT-1080/FAP cells were distinguished based on CellTrace Violet or CellTrace FarRed dyes, respectively. (D) Tumor spheroids containing MCF-7 + HT-1080/FAP cells in a 1:1 ratio were co-cultured with purified unstimulated T cells and 10 nM fusion proteins of αFAP scFv-hIgG-Fc with ectodomains of tumor necrosis factor superfamily ligands (TNFL) 4-1BBL, CD70, OX40L or TL1A. Frequencies of CD25 and OX40 double positive CD4+ T cells analyzed by flow cytometry. Data represent the mean ± SEM from 3 independent experiments in duplicates (A, B, D) or triplicates (C). Statistical analysis vs. αTAA-αCD3 groups (A, B) or αEpCAM-αCD3 group (D) by one-way ANOVA followed by Tukey’s multiple comparison test (A, B) or Dunnett’s follow-up test (D) ns, not significant, *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001.
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Background

Currently, a comprehensive method for exploration of transcriptional regulation has not been well established. We explored a novel pipeline to analyze transcriptional regulation using co-analysis of RNA sequencing (RNA-seq), assay for transposase-accessible chromatin using sequencing (ATAC-seq), and chromatin immunoprecipitation with high-throughput sequencing (ChIP-seq).



Methods

The G protein-coupled receptors (GPCRs) possibly associated with macrophages were further filtered using a reduced-Cox regression model. ATAC-seq profiles were used to map the chromatin accessibility of the GPRC5B promoter region. Pearson analysis was performed to identify the transcription factor (TF) whose expression was correlated with open chromatin regions of GPRC5B promoter. ChIP-seq profiles were obtained to confirm the physical binding of GATA4 and its predicted binding regions. For verification, quantitative polymerase chain reaction (qPCR) and multidimensional database validations were performed.



Results

The reduced-Cox regression model revealed the prognostic value of GPRC5B. A novel pipeline for TF exploration was proposed. With our novel pipeline, we first identified chr16:19884686-19885185 as a reproducible open chromatin region in the GPRC5B promoter. Thereafter, we confirmed the correlation between GATA4 expression and the accessibility of this region, confirmed its physical binding, and proved in vitro how its overexpression could regulate GPRC5B. GPRC5B was significantly downregulated in colon adenocarcinoma (COAD) as seen in 28 patient samples. The correlation between GPRC5B and macrophages in COAD was validated using multiple databases.



Conclusion

GPRC5B, correlated with macrophages, was a key GPCR affecting COAD prognosis. Further, with our novel pipeline, TF GATA4 was identified as a direct upstream of GPRC5B. This study proposed a novel pipeline for TF exploration and provided a theoretical basis for COAD therapy.





Keywords: chromatin accessibility, ATAC-seq, ChIP-seq, multi-omics analysis, transcription factor



Highlights

	This study provides a novel pipeline to explore transcription factors based on multi-omics data, which is described adequately enough to be repeated and taken further.

	With our pipline, GATA4 was identified to be the direct upstream transcription factor regulating GPRC5B.

	GPRC5B may affect COAD patient prognosis, possibly by interacting with macrophages





Introduction

Colon cancer, a type of malignant tumor, is the third leading cause of cancer deaths worldwide (1–3). Colon adenocarcinoma (COAD) is the most common pathological subtype of colon cancer. Currently, the prognosis of advanced COAD patients remains poor. Accordingly, a better understanding of the molecular mechanisms involved in COAD is warranted.

In recent years, increasing evidence has revealed that immune infiltration might be an essential factor in COAD patient prognosis (4). Tumor-infiltrating macrophages of mixed origin are an important component of immune infiltration (5). Currently, several studies have indicated that tumor-infiltrating macrophages could impact COAD progression (6, 7). However, an improved understanding of the underlying mechanisms of action is still needed, and a search for potential macrophage-targeted therapeutic options is also required.

G protein-coupled receptors (GPCRs), a group of cell surface signaling proteins, represent the most prominent superfamily of pharmacological targets (8, 9). It has been confirmed that various GPCRs are involved in the progression of tumors (10), including colon cancer (11). Lysophosphatidic acid receptors (12), protease-activated receptor 1 (13), prostaglandin E2 receptors (14), and endothelin receptors (15) have all been identified as key players in colon cancer. Nevertheless, the functions of many GPCRs still remain unclear. Thus, an improved understanding of the involvement of GPCRs in colon cancer formation and progression might contribute to the development of a novel generation of antitumor therapeutics. Additionally, to date, a large number of GPCRs have been reported to influence tumor development through macrophages (16, 17). For example, our previous study demonstrated that LGR4 could maintain protumoral macrophages and thus play a vital role in tumor progression (18). Considering the information presented above, we inferred that macrophage-associated GPCRs could be a potential target for COAD therapy, and we employed bioinformatic methods for a more comprehensive investigation.

Currently, to explore the regulation of a target gene, various algorithms would be applied to transcriptome data for pathway quantization, followed by correlation analysis. If the target gene was statistically correlated with a quantized pathway, its involvement in the regulation of this pathway would be proposed. Besides analysis of transcriptome data from RNA sequencing (RNA-seq) profiles, our study further acquired epigenetic data to explore the target gene’s regulation. Assay for transposase-accessible chromatin using sequencing (ATAC-seq) used Tn5 transposase to determine the nucleosome position and map the open chromatin regions (19, 20). The accessible chromatin sites in the promoter regions reflect the potential binding of transcription factors (TFs). Genes with chromatin accessibility in the promoters were more likely regulated by TFs. ATAC-seq profiles could detect the open chromatin regions of target genes and indicate their regulatory mechanism. Through co-analysis of ATAC-seq and transcriptome data, we could identify potential TFs, whose expressions were significantly correlated with the open promoter regions of the target gene. Next, chromatin immunoprecipitation (ChIP)-seq profiles were obtained to confirm the physical binding of potential TFs and the predicted binding regions.

Here, multi-omics bioinformatics was employed to discover the macrophage-correlated GPCRs that might play a key role in COAD. With transcriptome data from RNA-seq profiles, we explored the GPCRs that might be associated with tumor infiltrating macrophages. GPRC5B was eventually selected based on its clinical value. Moreover, epigenetic data from ATAC-seq profiles were also obtained to explore regulation mechanisms. The above-mentioned results were verified through quantitative polymerase chain reaction (qPCR), chromatin immunoprecipitation with high-throughput sequencing (ChIP-seq), and multidimensional databases.



Materials and Methods


Ethics

Our study was approved by Tongji Hospital, Shanghai, China (reference number 2018-LCYJ-005). Written consent was obtained from all participants/patients before the study.



Data Collection

The ATAC-seq profiles of 41 COAD samples were obtained from the NCI Genomic Data Commons (https://gdc.cancer.gov/about-data/publications/ATACseq-AWG). We acquired the Fragments Per Kilobase per Million mapped reads (FPKM) and htseq-count profiles of 514 samples from TCGA database (https://tcga-data.nci.nih.gov/), including 473 COAD samples and 41 solid normal tissue samples. Clinical demographic information of 426 COAD patients was also retrieved. The baseline information of all COAD patients is provided in Supplemental Table S1.



Infiltrating Immune Cells

The normalized gene expression matrix was obtained from the FPKM profiles. Further, based on the signature markers provided by Charoentong et al. (21), the Single Sample Gene Set Enrichment Analysis (ssGSEA) (22, 23) was applied to estimate the tumor-infiltrating immune cells in COAD. The signature markers are all listed in Supplemental Table S2. We applied the Wilcoxon rank-test to compare the difference in the abundances of immune cells between COAD samples and normal solid tissue samples.



Integrative Analysis of GPCRs and Tumor-Infiltrating Macrophage

The list of GPCRs was downloaded from the GPCR NaVa database (http://nava.liacs.nl) (24) and gene expression of recorded GPCRs were retrieved (Supplemental Table S3). To explore the GPCRs potentially correlated with tumor-infiltrating macrophages, we performed a Spearman correlation analysis. The filtered GPCRs were further included in the Lasso regression model and the reduced-Cox regression model. Eventually, based on the reduced-Cox model, a nomogram was constructed to predict COAD patient prognosis. Calibration curves were displayed to validate the accuracy and discrimination of the nomogram.



A Novel Pipeline for TF Exploration

Publicly available datasets were analyzed in this study, including 41 paired ATAC-seq and RNA-seq profiles of the same COAD patients. The sources of these profiles have been described in data collection section. The upstream analysis of ATAC-seq data was completed following the pipeline proposed by M. Ryan Corces et al. And a total of 122872 reproducible peaks were observed in 41 ATAC-seq profiles of COAD patients. In this study, we directly downloaded these peaks from the supplemental data file “cancer type-specific count matrices in normalized counts” (https://gdc.cancer.gov/about-data/publications/ATACseq-AWG).

With the data above, we proposed a novel pipeline to explore TF regulation based on multi-omics data. Our pipeline included: 1) Peak annotation. We used the R package “ChIPseeker” to annotate peaks (annotatePeak function with tssRegion from -2000 to 2000, TxDb equal to “TxDb.Hsapiens.UCSC.hg38.knownGene”, and annoDb equal to “org.Hs.eg.db”). We obtained the 45377 peaks which were annotated as “Promoter (<=1kb)” or “Promoter (1-2kb)”. 2) Getting the peaks located in the promoter region of target gene. We first used the R package “GenomicFeatures” to check the gene location of the target gene GPRC5B (genes function with x equal to “TxDb.Hsapiens.UCSC.hg38.knownGene”). Then, we search the above 45377 peaks, and we found the target peak (chr16:19884686-19885185) which had an overlap with the gene location of GPRC5B (chr16: 19856691-19886167). 3) Getting the mRNA expression of TFs. We downloaded the list of TFs from the Cistrome database (http://cistrome.org/). Based on the list, we can get the TF mRNA expression from RNA-seq profiles. 4) We used the R package “stats” (cor.test function) to perform the Pearson correlation analysis between the TF mRNA expression and the ATAC-seq peak accessibility of the target peak (chr16:19884686-19885185). The correlation threshold was set as an absolute value of r > 0.2, p < 0.01. In this study, the TF GATA4 expression was found to be most highly correlated with the target peak (chr16:19884686-19885185). 5) We used the Cistrome to browse the GATA4 ChIP-seq data (Cistrome Data Browser function with species equal to “Homo sapiens”, and factors equal to “GATA4”), and we can check the overlap between the target peak (chr16:19884686-19885185) and the peaks of GATA4 ChIP-seq data. Figure 1 presents an overview of the pipeline of our study.




Figure 1 | An overview of the novel pipeline of our study.





Co-Analysis of ATAC-Seq and RNA-Seq Profiles

Chromatin accessibility analysis was performed based on ATAC-seq profiles. Peak regions over chromosomes were visualized through the R package karyoploteR (25). We also applied ChIPseeker (26) to map the tagMatrix, indicating the locations of peaks around the transcription start site (TSS) regions. The peaks near the TSS regions were annotated by TxDb. Hsapiens. UCSC. Hg38. knownGene. For visualization, we used a pie plot to better show the relationship between peak locations and promoter regions.

To explore the TF directly upstream of GPRC5B, the Pearson correlation analysis was performed for TF mRNA expression and chromatin accessibility of the GPRC5B promoter region. The potential TFs were further filtered by ChIP-seq profiles of colon cancer cells, which were obtained from the Cistrome database (http://cistrome.org/) (27, 28).



Multi-Database Validation

To minimize the bias of using a single database, we validated our results using multiple databases, including: Gene Expression Omnibus (GEO, ID: GSE85001, https://www.ncbi.nlm.nih.gov/geo/), Timer 2.0 database (http://timer.comp-genomics.org/) (29, 30), GEPIA database (http://gepia.cancer-pku.cn/) (31), Human Protein Atlas database (https://www.proteinatlas.org/) (32, 33), and LinkedOmics database (https://linkedomics.org/) (34). We also used four different algorithms (EPIC (35), XCELL (36), TIMER (37), and MCP-counter (38) algorithms) to confirm the significant correlation between tumor-infiltrating macrophages and GPRC5B. The EPIC and TIMER algorithms are partial deconvolution algorithms, while the XCELL and MCP-counter algorithms are scoring methods based on a set of marker genes (39).



qPCR Validation

We additionally validated the mRNA expression level of GPRC5B using fresh frozen tissue samples. COAD samples and paired normal tissues were obtained from 28 patients from Tongji Hospital, Shanghai, China. TRIzol reagent (Magen, R4801-01) was used for RNA extraction following the manufacturer’s instructions. After reverse transcription, qPCR was performed using cDNA, SyberGreen (Yeasen, 11200ES08) and human GPRC5B primers (Forward: ACAATGCAGCTCTCCGAACAG, Reverse: TGATACACGTTGCTTCTAAACGG). The amplification program was set as follows: 95°C for 210 sec; 40 cycles at 95°C for 210 sec, 58°C for 30 sec, 63°C for 20 sec; melting curve from 58°C to 95°C. Every sample in the qPCR experiment was repeated in triplicate. Additionally, human GAPDH was selected as the internal control (Forward: GGAGCCAAAAGGGTCATCATCTC, Reverse: TGATGGCATGGACTGTGGTCATG). A paired t-test was applied to screen the significant differences.



Statistical Analysis

Statistical significance was set at p < 0.05. The correlation threshold was set as an absolute value of r > 0.2, p < 0.01 in Pearson or Spearman analysis. Variable normality was checked using Shapiro-Wilk normality test. For nonnormally distributed variables, the Wilcoxon rank-test was used for two independent group comparisons, while the Student’s t-test was used to compare normally distributed variables. Paired data which were normally distributed were analyzed by paired t-test. In Kaplan-Meier survival analysis, to prevent the bias caused by non-tumor-related death, we obtained results only from patients who had a follow-up time of more than 90 days. The optimal cutoffs for Kaplan-Meier survival analysis were determined by R package survminer (Version 0.4.9; https://CRAN.R-project.org/package=survminer). The differentially expressed genes were identified by R package edgeR (Version 3.28.1), and the statistical significance was set at adjusted p < 0.05. R (version 3.5.1; www.r-project.org) was the main analysis software.




Results


Quantitation of Macrophages in COAD

We estimated the scaled proportion of tumor-infiltrating immune cells using the ssGSEA method to render the immune cells of each COAD patient comparable (Figure 2A). To make the results more reproducible and reliable, the whole ssGSEA process followed the signature markers from Charoentong et al. The detailed macrophage subsets, such as M0, M1, and M2, would be further analyzed in the final multi-database validation part. According to the violin plot in Figure 2B, total macrophage expression was significantly decreased in COAD samples. Kaplan-Meier plot of 5-year survival indicated that the COAD patients with higher macrophage infiltration displayed poorer prognosis (p < 0.05, Figures 2C, D).




Figure 2 | (A) Immune infiltration of 28 immune cell subtypes was quantitated via the ssGSEA method in 473 COAD samples and 41 normal tissue samples. (B) The relative macrophage infiltration was significantly downregulated in COAD tissues (p < 0.0001). (C) Illustration of the optimal cutoff point identification for survival analysis in (D). The cutoff point with the maximum standardized Log-rank statistical value was regarded as the optimal cutoff point. (D) Kaplan-Meier plot of 5-year survival of COAD patients with high vs. low ssGSEA scores of macrophage infiltration. The COAD patients with higher macrophage infiltration displayed poorer prognosis (p < 0.05). COAD, colon adenocarcinoma; ssGSEA, single sample gene set enrichment analysis. * p ≤ 0.05; ** p < 0.01; *** p < 0.001; **** p < 0.0001; ns, not significant.





Identifying GPCRs Significantly Correlated With Macrophages in COAD

To explore the potentially relevant GPCRs, we first filtered the recorded GPCRs by Spearman correlation analysis. The list of known GPCRs was obtained from the GPCR NaVa database, and GPCR expressions were retrieved from the RNA-seq profiles. Eventually, correlation analysis between GPCRs and macrophage expression was performed, identifying 190 GPCRs for further analysis (Supplemental Table S4).



Identification of the Potential Prognostic Biomarker GPRC5B

Considering that macrophages might influence COAD patient prognosis in a GPCR-related way, we aimed to identify a group of GPCRs correlated with macrophages and presented as prognostic predictors. Thus, all GPCRs obtained in the aforementioned results were further processed using the Cox regression model. We utilized LASSO regression to prevent overfitting (Figure 3A). According to the LASSO regression results, CRHR1 and GPRC5B were regarded as eligible and were included into the final reduced-Cox regression model (C-index = 0.59, p < 0.05, Figure 3B). The reduced-Cox regression model indicated that CRHR1 (p = 0.003) and GPRC5B (p = 0.016) might evaluate the prognosis of COAD effectively. Furthermore, a nomogram was also constructed (Figure 3C), and the calibration curves indicated acceptable accuracy (Figures 3D, E).




Figure 3 | (A) To prevent the bias caused by overfitting, LASSO regression was applied. (B) Based on the LASSO regression results, the reduced multi-Cox regression model was constructed. CRHR1 (p = 0.003) and GPRC5B (p = 0.016) were shown to be potentially correlated with COAD prognosis. (C) A nomogram based on the reduced-Cox model in (B) was constructed (p = 0.0005, AIC = 855.16, C-index = 0.6). (D, E) Calibration curves of 3-year survival (D) and 5-year survival (E) validated the acceptable accuracy of the model. LASSO, least absolute shrinkage and selection operator; CRHR1, corticotropin releasing hormone receptor 1; GPRC5B, G protein-coupled receptor class C group 5 member B; COAD, colon adenocarcinoma.



Although both CRHR1 and GPRC5B might be important prognostic factors in COAD, we found that GPRC5B was more highly correlated with tumor-infiltrating macrophages [r = 0.49 (Spearman), p < 0.05, Figures 4A, B]. Further, as shown in Figure 4C, CRHR1 was only detected in part of the RNA-seq profiles, while GPRC5B was widely expressed in COAD patients. Collectively, we identified GPRC5B as a potential macrophage-related biomarker in COAD patients. More specifically, GPRC5B was a prognostic risk factor in COAD (Figures 4D, E).




Figure 4 | (A) Correlation heatmap of macrophages and CRHR1 and GPRC5B expression. (B) GPRC5B was significantly correlated with macrophages (r = 0.49, Spearman, p < 0.01). CRHR1 was statistically, but weakly, correlated with macrophages (r < 0.2, Spearman, p < 0.01). (C) GPRC5B was a differentially expressed gene in COAD samples (p = 8.4e-06), whereas CRHR1 was only detected in a small number of samples. (D) An illustration of the optimal cutoff point identification for survival analysis in (E). (E) GPRC5B was a potential prognostic risk factor in COAD patients (p < 0.0001). (F) For qPCR validation, clinical samples of 28 COAD tissues and paired normal tissues were acquired from Tongji Hospital, Shanghai, China. GPRC5B was significantly downregulated in COAD tissues (p = 0.0021). CRHR1, corticotropin releasing hormone receptor 1; GPRC5B, G protein-coupled receptor class C group 5 member B; COAD, colon adenocarcinoma.





Verification of GPRC5B Expression in COAD via qPCR

First, we applied the R package EdgeR (40) to the htseq-count profiles, identifying GPRC5B as a differentially expressed gene in COAD (p < 0.05, Figure 4C). To minimize the bias caused by bioinformatics, we also obtained clinical samples from Shanghai Tongji Hospital and performed qPCR on COAD tissues and the paired normal tissues from 28 patients. The qPCR result was consistent with our bioinformatic findings, indicating that GPRC5B was significantly downregulated in COAD tissues (Figure 4F).



Novel Pipeline Identified GATA4 as a Direct TF for GPRC5B

To further explore the regulation of GPRC5B, we combined ATAC-seq and RNA-seq profiles for co-analysis. It is well-known that TFs regulate genes by binding to the open regions around the promoter. Thus, we acquired the chromatin accessibility landscape of COAD patients from 41 ATAC-seq profiles. Figure 5 showed that accessibilities were widely presented across the genome. Most open chromatin regions located around TSS regions (Figures 6A, B). For visualization, the pie plot indicated that the open chromatin regions were primarily located in the promoter regions (41%, Figure 6C). Across samples, we identified chr16:19884686-19885185 as the reproducible open chromatin region in the GPRC5B promoter.




Figure 5 | Visualization of peaks (marked in red) over chromosomes. Chromatin accessibilities were widely present over the whole genome.






Figure 6 | (A) Visualization of read count frequency of peaks revealed that they were primarily located around the TSS. (B) Peaks are mapped to the TSS regions and further aligned in a tagMatrix, indicating that the majority of chromatin accessibilities were near the TSS. (C) Pie plot reveals that most of the open chromatin regions were located in promoters. (D) GATA4 ChIP-seq data show the strong overlap between the GATA4 protein binding regions and the predicted regions (highlighted in blue). GATA4 could physically bind to the GPRC5B promoter at chr16: 19884686-19885185. (E) According to the GEO database (GSE85001), GPRC5B was significantly upregulated in the GATA4-overexpression group. TSS, transcription start site; ChIP-seq, chromatin immunoprecipitation sequencing; GPRC5B, G protein-coupled receptor class C group 5 member B; GEO, Gene Expression Omnibus.



Thereafter, according to the TF list from CISTROME database, we retrieved a TF expression matrix from the FPKM profiles. Correlation analysis was applied to TF expression and the identified accessible promoter regions (chr16:19884686-19885185) (Supplemental Table S5). GATA4 expression was found to be most highly correlated with the GPRC5B open promoter regions (p < 0.01), indicating that the TF GATA4 might regulate GPRC5B.

For validation, we then acquired the GATA4 ChIP-seq data from CISTROME. Figure 6D shows that the GATA4 protein specifically bonded to the identified promoter regions (Blue area, chr16:19884686-19885185) in colon cancer cells.

After confirming the physical combination between GATA4 and the GPRC5B promoter, we downloaded the RNA-seq profiles of GATA4-overexpressed cells from GEO (GSE85001). GPRC5B was identified as a differentially expressed gene and found to be upregulated in the treatment group (Figure 6E).

Collectively, the results showed that the TF GATA4 could bind to the GPRC5B promoter regions, regulating GPRC5B expression. Detailed steps of the novel pipeline above are visualized in Figure 7.




Figure 7 | Visualization of the detailed steps of our novel pipeline.





Multiple Database Validation

To prevent bias due to the use of a single database, multiple databases were used for validation. We confirmed that GPRC5B was significantly correlated with tumor-infiltrating macrophages using four algorithms (EPIC, XCELL, TIMER, and MCP-counter, Figure 8A). To be more exact, based on the CIBERSORT algorithm, we found that GPRC5B was more highly correlated with M2 macrophages (r = 0.395, p < 0.01, Figure 8B). Similar results were obtained from the GEPIA database (Figure 8C), indicating that GPRC5B was correlated with the surface marker CD163 (r = 0.51, p < 0.01) and MRC1 (r = 0.54, p < 0.01) of M2 macrophages.




Figure 8 | (A) Based on the EPIC, XCELL, TIMER, and MCPcounter algorithms, GPRC5B was closely correlated with tumor-infiltrating macrophages in COAD. (B) The CIBERSORT algorithm indicated a closer correlation between GPRC5B and M2 macrophages (r = 0.395, p < 0.01), compared with M1 macrophages (r = 0.199, p < 0.01). (C) The GEPIA database showed that GPRC5B was significantly correlated with the M2 macrophage surface marker CD163 (r = 0.51, p < 0.01) and MRC1 (r = 0.54, p < 0.01). (D) The LinkedOmics database confirmed that GPRC5B was gradually upregulated following the progress of COAD development through different tumor stages. (E) The LinkedOmics database indicated that GPRC5B could be a potential risk factor for COAD (p < 0.05). (F) The Human Protein Atlas database indicated that GPRC5B could be a potential risk factor for COAD (p < 0.05). (G) The Timer 2.0 database showed the mRNA expression level of GPRC5B across various tumor types. GPRC5B was significantly downregulated in COAD samples (p < 0.001). GPRC5B, G protein-coupled receptor class C group 5 member B; COAD, colon adenocarcinoma; TPM, Transcripts per million. * p ≤ 0.05; ** p < 0.01; *** p < 0.001.



Furthermore, according to the LinkedOmics database, there was a significant increase in GPRC5B expression with advancing T stage (Figure 8D). Patients with high GPRC5B expression tended to have poorer prognosis (Figure 8E). The Human Protein ATLAS database also confirmed the prognostic value of GPRC5B (Figure 8F). Moreover, according to Timer 2.0 database, GPRC5B was identified as a differentially expressed gene in various tumor types, including COAD (Figure 8G).




Discussion

COAD is one of the most fatal malignant tumor types worldwide. In recent years, an increasing number of studies have indicated that tumor-infiltrating immune cells might play an important role in cancer development and progression (41–43). However, further study of the underlying mechanisms is still warranted. Conversely, although various GPCRs have been proven to be involved in tumor progression, the functions of many GPCRs remain unclear. As cell surface proteins, GPCRs could regulate a wide range of physiological processes and have always been important targets for drug development. Thus, we discovered that macrophage-associated GPCRs showed prognostic value in COAD. Our study aimed to explore potential pharmacological targets for COAD.

In this study, we found that GPRC5B was a key GPCR affecting COAD patient prognosis and could be a novel target of antitumor therapeutics. Also, considering the potential value of GPRC5B, we decided to further explore the regulation of GPRC5B through integrated bioinformatics. Combining RNA-seq and ATAC-seq profiles together, we identified GATA4 as a direct upstream TF of GPRC5B. The results above were verified through qPCR, ChIP, cell experiments, and multidimensional database validations.

GPRC5B belongs to type 3 GPCR family, characterized by a signature seven-transmembrane-domain motif. First identified in 2000 by Hans Brauner-Osborne and Povl Krogsgaard-Larsen (44), GPRC5B is currently an orphan heterotrimeric GPCR. It has been reported to modulate insulin secretion, and it might be associated with type 2 diabetes (45). Additionally, Carvalho et al. revealed that GPRC5B might regulate the membrane availability of the prostacyclin receptor (46). Furthermore, some studies indicated that GPRC5B might be involved in the regulation of obesity-associated inflammatory response and macrophage infiltration (47, 48). Some studies have indicated the role of GPRC5B in cancer, while its specific molecular mechanisms remain largely unknown (49–51). Our findings have supported the clinical value of GPRC5B in patients with COAD.

We identified GPRC5B as a differentially expressed gene in COAD through RNA-seq and qPCR of clinical samples. GPRC5B was significantly downregulated in COAD patients, while its expression would increase with the increase in tumor stages. Considering that GPRC5B was known as a cell surface protein, its expression pattern would make it an ideal pharmacological target. Next, according to the integrated analysis of GPRC5B and tumor-infiltrating immune cells, we also showed that GPRC5B was significantly associated with macrophages. As this correlation was primarily based on statistical methods, and the macrophages were quantized through the ssGSEA algorithm, we acquired multiple algorithms for validation. The classical algorithms, including EPIC, XCELL, TIMER, MCP-counter, and CIBERSORT, were all employed in this study to validate the result of ssGSEA algorithm. With the knowledge that macrophages are important in COAD development and progression, we hypothesized that the interactions between GPRC5B and tumor-infiltrating macrophages, potentially type M2, might be important in COAD and further affect the prognosis of patients with COAD. Based on the results above, we found that GPRC5B is a potential therapeutic target for COAD.

Moreover, a novel pipeline of multi-omics analysis was proposed in this study. Here, we applied this novel pipeline to explore the regulation of GPRC5B, identifying GATA4 as its direct upstream TF. The detailed workflow is displayed in Figure 1. In recent years, there have been various studies, which followed the classic pipeline to solve similar questions. However, most of these studies could only prove the correlation between the target genes and the algorithm-quantized pathways, primarily based on transcription data and Pearson/Spearman correlation analysis. Although multi-omics databases were used for validation, it was still hard to further explore the underlying mechanism. For example, Pearson/Spearman analysis could only tell the correlation degree based on statistics, instead of biological significance. Also, there were currently plenty of quantization algorithms, transferring the mRNA expression matrix into immune cell fractions, microenvironment scores, pathway expressions, and other key parameters. There was no doubt that these algorithms were effective and convincing. However, if we primarily focus on mRNA level and statistical screening, some important biological process might be ignored. To solve these problems, many researchers would apply laboratory experiments to confirm biological significances.

Considering the reasons above, we combined ATAC-seq, RNA-seq, and ChIP-seq profiles together for integrated analysis. ATAC-seq used Tn5 transposase to map the open chromatin regions, indicating the potential binding sites for TFs. It was known that genes with chromatin accessibility in the promoter regions are more likely to be regulated by TFs. The ChIP-seq profiles could ensure the physical binding between a specific TF and the target gene promoter region.

In our study, we first identified chr16:19884686-19885185 as the accessible chromatin region of the GPRC5B promoter through ATAC-seq profiles. Thereafter, we discovered that the mRNA expression of GATA4 was significantly associated with chr16:19884686-19885185. For confirmation, we acquired the ChIP-seq profiles of the GATA4 protein in colon cancer cells. The open chromatin region (chr16:19884686-19885185, highlighted in blue) was found to overlap with the GATA4 binding regions to a great extent. We also found that, with the upregulation and downregulation of GATA4 expression, GPRC5B would be regulated accordingly. Collectively, through this novel pipeline, we identified GATA4 as the direct upstream TF of GPRC5B.

Several inevitable limitations need to be addressed. First, our pipeline required paired ATAC-seq and RNA-seq profiles of the same samples, the amount of which was relatively small in public databases. However, despite the limited data sources, we acquired 41 eligible paired profiles to prove the effectiveness of our pipeline. Second, although we have identified GPRC5B as a key molecule in COAD prognosis through bioinformatics, we have not put forward any proof in vivo. Future studies should experimentally verify our findings.

Despite the limitations mentioned above, our study was the first to infer that GPRC5B, correlated with tumor-infiltrating macrophages, might be a key molecule affecting COAD prognosis. The interaction between GPRC5B and tumor-infiltrating macrophages could be a potential target for clinical therapy. We also proposed a novel pipeline, identifying GATA4 as a direct upstream TF of GPRC5B. This pipeline was based on the integration of multi-omics data, which was easy to apply and could be used to achieve a more convincing conclusion.



Conclusions

GPRC5B, correlated with tumor-infiltrating macrophages, is a potential key molecule affecting COAD prognosis. Further, with our novel pipeline, TF GATA4 was identified as a direct upstream of GPRC5B. This study proposed a novel pipeline for TF exploration and provided a theoretical basis for COAD therapy.
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Cancer immunotherapy is exploited for the treatment of disease by modulating the immune system. Since the conventional in vivo animal and 2D in vitro models insufficiently recapitulate the complex tumor immune microenvironment (TIME) of the original tumor. In addition, due to the involvement of the immune system in cancer immunotherapy, more physiomimetic cancer models, such as patient-derived organoids (PDOs), are required to evaluate the efficacy of immunotherapy agents. On the other hand, the dynamic interactions between the neoplastic cells and non-neoplastic host components in the TIME can promote carcinogenesis, tumor metastasis, cancer progression, and drug resistance of cancer cells. Indeed, tumor organoid models can properly recapitulate the TIME by preserving endogenous stromal components including various immune cells, or by adding exogenous immune cells, cancer-associated fibroblasts (CAFs), vasculature, and other components. Therefore, organoid culture platforms could model immunotherapy responses and facilitate the immunotherapy preclinical testing. Here, we discuss the various organoid culture approaches for the modeling of TIME and the applications of complex tumor organoids in testing cancer immunotherapeutics and personalized cancer immunotherapy.
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Introduction

Immunotherapy is a type of cancer therapy that boosts the body’s immune system to fight cancer. The immune system uses a variety of mechanisms to identify and eradicate tumor cells, but many of them are inactivated in the tumor microenvironment (TME) during tumor development (1). Immunotherapy can be exploited to help the immune system for detection of neoplastic cells and triggering of the immune response, or promote an existing one against the tumor cells. Indeed, immunotherapies systemically boost the immune surveillance and/or locally regulate the tumor immune microenvironment (TIME) (2). These immunotherapies include oncolytic viruses, pattern recognition receptor (PRR)-targeted therapies, vaccines, tumor antigen-targeted monoclonal antibodies, adjuvants such as cytokines, or other cell signaling molecules (3–5). Immunotherapy approaches that have revolutionized conventional malignancy treatment include: 1) adoptive T cell therapies (ACT), such as T cell receptor (TCR)- and chimeric antigen receptor (CAR)-T cells, also bulk tumor-infiltrating lymphocyte (TIL) therapy (6–8) and 2) immune checkpoint inhibitors (ICIs) (9–11) including anti-CTLA-4 monoclonal antibodies and anti-PD-1/PD-L1 monoclonal antibodies that boost CD8+ T cell effector functions. Since the immune system is involved in cancer immunotherapy, therefor, efficient cancer models are required to test the effect of immunotherapy agents in a context where there are immune cells and other TME components. In addition, the dynamic interactions between the neoplastic cells and non-neoplastic host components in the TME can affect carcinogenesis, tumor metastasis, cancer progression, and drug resistance of cancer cells. Hence, conventional in vivo animal and 2D in vitro models are not suitable for immunotherapy because these models insufficiently recapitulate the complex tumor (immune) microenvironment of original human tumors (2). Mice models, which are useful for studying classic drug’s efficacy, cannot be used to evaluate all forms of immunotherapy, because of the considerable differences between the immune system of mice and humans (12). Patient-derived tumor xenografts (PDTX) models can properly recapitulate the interactions of cancer cells with surrounding elements, except the interactions with the immune system. Humanized immuno-oncology models have been generated to overcome this problem. These models bearing human immune cells, but cost, throughput, and complete immunocompatibility, remain challenges (13, 14). On the other hand, the generation of a successful PDTX model is time-consuming, about 4-8 months, therefore, these models cannot be a rational choice for real-time precision cancer therapy (15). The selection of effective transplanting approaches for various tumor tissues and the generation of specific subtypes of tumors are other limitations of PDTXs models (16–19). Given the role of the tumor (immune) microenvironment in the drug screening and immunotherapy studies (20, 21), the presence of pre-existing structural elements such as mouse stromal cells in TME of PDTX models can affect the validity of the study results (20). All the models mentioned above inadequately model the complex immunobiology and pathophysiology of the original parent tumors. In addition, animal models are expensive and time-consuming to develop and apply (22). Hence, it is necessary to develop an alternative model that can recapitulate the human TME while preserving the human immune system components. Therefore, using human tumor organoid models is necessary to tackle these limitations. Indeed, organoid models can properly recapitulate the tumor (immune) microenvironment by preserving tissue architecture, endogenous stromal components including various immune cells, or by adding exogenous immune cells, vasculature, and other components (23–29). Therefore, PDO culture systems could model immunotherapy responses and facilitate the immunotherapy preclinical testing. PDTXs accurately retain the heterogeneity of human tumors, but in contrast to PDTXs, PDOs can be cultured for a long time, expanded, and finally cryopreserved. The establishment of large organoid biobanks has been made possible by the propagation of tumor biopsies in vitro, that these tumor biobanks preserve the mutational diversity and histological properties of native human tumors (30–32). Here, we discuss the various organoid culture strategies for the modeling of TIME and the applications of complex PDOs in testing cancer immunotherapeutics and personalized cancer immunotherapy.



Organoid Culture Techniques for Immunotherapy Studies

Various organoid culture approaches are utilized for modeling the TIME that are suitable for immunotherapy including 1) Reconstitution approaches, such as submerged Matrigel culture, because the typical submerged Matrigel organoids contain exclusively epithelial cells, any study on immunotherapy and TIME in this approach requires the addition of exogenous immune cells and other stromal cell types (2). 2) Holistic approaches, such as air-liquid interface (ALI) and microfluidic 3D culture that in these culture strategies the native TIME and small fragment of tumor tissue, as an intact unit without reconstitution, are preserved (2) (Table 1). Methods such as ALI, in which the tissue architecture is preserved, are also known as explant culture methods (48). In addition, 3D micro-sized cell aggregates that are generated as suspension or embedded within a 3D matrix are known as spheroids (49).


Table 1 | Overview of organoid culture techniques in cancer research.




Submerged Matrigel Culture

The submerged Matrigel technique is widely used to culture dissociated cancer cells from tumor biopsies underneath tissue culture medium in a mixture with a dome or flat gel of 3D Matrigel. In this culture method, various growth factors and/or pathway inhibitors are added to the culture medium depending on the type of tumor tissue (25, 50–52). Customized culture conditions have been adapted for many different tissues (25, 32, 53–64), but often include ligands and additives, such as Wnt3a and/or R-spondin, bone morphogenetic (BMP) inhibitor Noggin, and epidermal growth factor (EGF) (25), which allow the stem cells to undergo long-term self-renewal and differentiation into various cell lineages (25). These niche factor requirements are mainly determined by genetic variations that increase tumorigenicity (51). These supplementations are also been utilized in other organoid culture strategies such as ALI (42). Dissociation of tissue during organoid preparation leads to activation of Rho kinase (ROCK)-dependent programmed cell death, therefore the addition of ROCK inhibitors to the medium can efficiently increase the success rates of organoid generation (25, 65, 66). It should be noted that conventional submerged Matrigel methods exclusively enrich epithelial tumor cells, but fail to preserve stromal components (25). Hence, TIME modeling in these techniques needs a co-culture of PDOs with exogenous (immune) cells. Seino et al. (50), by using this technique showed that co-culturing of human pancreatic ductal adenocarcinoma (PDAC) organoids with cancer-associated fibroblasts (CAFs), which shows immunosuppressive activity in TME (67), trigger organoid growth of WNT-nonproducing PDAC subtypes by CAF produced WNT (50). On the other hand, TGFβ and IL-1 ligands secreted by PDAC organoids can increase CAF heterogeneity and induce distinct myofibroblast and inflammatory CAF subtypes, respectively (68). Therefore, selective targeting of tumor-promoting CAFs can be improved by understanding the CAF heterogeneity mechanisms (68). Chakrabarti et al, designed a complex submerged Matrigel culture system by co-culturing of mouse tumor organoids with cytotoxic T lymphocytes and bone marrow-derived dendritic cells pulsed by conditioned media (tumor antigen) collected from tumor organoids. The promotion of apoptosis by activated CTLs was observed in cancer cell in the presence of PD-L1 neutralizing antibody (69). This method, co-culture of immune cells and human tumor organoids, is also used for the generation of tumor-reactive T cells from autologous peripheral blood lymphocytes (33) and survey on the Helicobacter pylori infection process (34, 70). Forsythe et al. (71), utilized a collagen-based extracellular matrix (ECM, hydrogel) to fabricate PDOs. They generate immunocompetent organoids with coculturing of tumor cells with patient-matched immune cells derived from peripheral blood mononuclear cells (PBMC), spleen, and lymph nodes. They showed that immunocompetent organoids can be useful in the preclinical study of personalized immunotherapy efficacy.



Microfluidic 3D Culture

In microfluidic 3D devices, murine- or patient-derived organotypic tumor spheroids (MDOTS/PDOTS) are cultured in a mixture of collagen gel (72). For MDOTS/PDOTS culture (44), tumor tissues specimen is obtained from the patient and dissociated mechanically and enzymatically. This procedure ultimately gives a heterogeneous mixture of single cells, spheroids, and macroscopic tumor fragments. Then, this mixture is filtered through 100 μm and 40 μm filters to obtain spheroids with 40–100 μm in diameter, afterward, this fraction is pelleted in ultra-low-attachment plates and mixed with collagen gel, and inoculated into the center region of the microfluidic device. To feed the spheroids, the culture medium is added into the media channels located on both sides of the central channel. In this approach, spheroids maintain the native cancer tissue complexity and cellular diversity such as autologous myeloid populations (tumor-associated macrophages [TAM], monocyte, DC, and MDSC), lymphocytes (B cell and T cell), and cancer cells without reconstitution (45). T cell infiltration into cancer spheroids and tumor-immune cell interactions and cross-talk can be studied in these devices by adding exogenous T cells such as Jurkat cells into the media channels (46, 73). The composition of the devices and the size of media and central channels are variables that can reduce the validity and reproducibility of studies (44). The composition of the devices such as PDMS (polydimethylsiloxane) is one of the interfering factors in testing immune checkpoint blockade (ICB) in a mixture with small molecules (generally prepared in dimethyl sulfoxide, DMSO), because PDMS can adsorb the small hydrophobic molecules (74) that prevent the drug delivery to tumor spheroids.



Air–Liquid Interface Culture

In this approach, two inner and outer dishes are used. The inner dish consists of two layers, bottom and top, for preparation of the bottom layer the collagen gel matrix was added to the inner dish (43). For the preparation of primary tissues, after obtaining the tissue specimen, it immediately are placed in an ice-cold medium (43). After rinsing the tissue, it mechanically dissociated into small fragments and then are cultured in a mixture with collagen gel as a top layer of the inner transwell dish by pouring the mixture onto the inner dish with the bottom layer gel matrix (43). Then prepared inner dish is placed into an outer dish, transferred to a 37°C incubator, and allowed the gel of the inner dish to solidify (43). Afterward, culture media is added to the outer dish that can diffuse into the inner dish through a permeable membrane. In addition, the top layer of culture is in direct air exposure that supply tissue organoid oxygen efficiently (26, 43, 75). ALI allows the growth of large multicellular tissue fragments that retain native tissue architecture, such as cancer cells en bloc with endogenous stromal and immune cells without reconstitution, which is different from submerged Matrigel culture (76). In addition, ALI PDOs preserve not only the architecture and complex cellular composition of the TME, but also the genetic alterations of the native tumor (42). These features of ALI, in contrast to submerged Matrigel Culture, make it suitable for TME modeling (32). It has been observed that in ALI, probably essential endogenous niche factors produced by stromal cells are sufficient to support tissue fragment growth without growth factor supplementation (26).



Organoid On-a-Chip

Organoid culture without physical restrictions resulted in organoid fragments with differences in shape, size, geometry, and cell number. As well, the mechanical factors such as fluid shear stress, tension, and compression are not recapitulated the native condition of tumor in 2D or 3D culture models. Therefore, these limitations lead to the non-reproducibility of results in organoid cultures (3). Organoid-on-a-chip models can overcome this challenge by increasing of uniformity of organoids and mimicking the physical conditions of the body such as providing perfusion of culture media. In addition, microfluidic devices can monitor and control the culture condition and assay variables by integrated sensors and actuators (77). The multi-organoid-on-a-chip have also been built (77, 78), nevertheless, optimization of culture media and mechanical condition for different tissue remain as a major challenge.




Complex Organoids for Immunotherapy

For various reasons, the TME is not fully recapitulated in most organoid culture methods. This drawback, especially the lack of immune cells, limits the application of organoids in immunotherapy studies. Nevertheless, many studies are underway to solve this issue.


Adding Immune Components

In some cases, immune cells are not added, but the immune cells within the organoid are maintained and expanded. Zumwalde et al. (79), showed the presence of immune cell populations and characterized the intraepithelial lymphocyte compartment within the organoid culture. They demonstrated that leukocyte populations of the breast organoid differed from those in peripheral blood, and conserved T lymphocytes can be expanded in response to the bisphosphonate. As noted above, cultured tumor spheroids in microfluidics devices are able to preserve autologous myeloid and lymphoid cell populations (45). The air-liquid interphase (ALI) culture strategy is another approach that retains native immune and stromal components. In ALI, the cancer epithelium and its complex microenvironment including fibroblasts, immune cells such as cytotoxic T lymphocytes (CTLs), helper T cells, TAMs, natural killer (NK) cells, B cells, and NK T cells are maintained for over a 1- to 2-month period (42). In addition, the T cell receptor (TCR) spectrum of the native tumor is accurately preserved in organoid culture (42).

In some organoid culture strategies, such as the submerged Matrigel technique, stromal and immune cells are not preserved. Therefore, to perform immunotherapy studies, it is necessary to add immune cells to the organoid. Tsai et al. (80), generated pancreatic cancer organoids using primary organoid co-culture with patient-matched peripheral blood lymphocytes and CAFs that were relevant to the immunotherapy and tumor-immune cell interaction studies. Activation of myofibroblast-like CAFs and tumor-dependent lymphocyte infiltration were detected in these complex organotypic models. In another study (33), co-cultures of autologous tumor organoids and peripheral blood lymphocytes were established for the enrichment of tumor-reactive T cells from peripheral blood of colorectal cancer (CRC) and non-small-cell lung carcinoma (NSCLC) patients. Thus, this approach can be used to evaluate the efficiency of the killing of tumor organoids by autologous tumor-reactive T cells (33). Many factors can affect the outcome and our success in the generation of complex organoids. For instance, in some cancer immune cells located in the surrounding stroma of the tumor or completely lack in TME. Therefore, this will impact the immune cell population of primary organoid culture (3). Furthermore, the addition of exogenous immune components to organoids will not be able to recapitulate the complexity of the patient-specific immune cell composition within TME. If allogeneic immune cells are used as a source of exogenous immune components, because of interpersonal differences in HLA, it will lead to high background killing compared with patient-specific PBMCs (3). Ultimately, choosing the proper strategy for co-culture depend on the downstream assays.



Organoid Vascularization and Perfusion

Lack of perfusion flow and vascular networks in organoids remains a major challenge in the preparation of complex organoids as an ideal cancer model. The absence of vasculature limits the size of the organoid, and organoids larger than 100-200 μm in diameter suffer from the diffusion of nutrients, oxygen, and metabolites to the central region of the organoid. Furthermore, organoid fragments larger than 500 μm in diameter show necrosis (81, 82). Many studies have been performed to overcome this problem and establish perfusion flow in the organoid (23, 27–29). Wörsdörfer et al. (29), co-cultured the mesodermal progenitor cells (MPCs) with tissue-specific (progenitor) cell types for the establishment of complex neural as well as human tumor organoids. They showed the directed incorporation of MPCs into organoids and the formation of vascular networks in these organoids. They observed the expansion of vascular networks during organoid growth. In addition, this endothelial network was responsive to pro-angiogenic conditions and anti-angiogenic agents (29). Organoid vascularization has been previously well-reviewed by Grebenyuk and Ranga (28).




Application of Organoids in Immunotherapy

For immunotherapies screening and studies, an ideal ex vivo model is needed to be able to fully recapitulate the heterogenicity of the native TME. For this reason, PDOs, which can preserve TIME as well as represent the stage and the treatment history of the patient, can be utilized. In the following, we will discuss the applications of organoids in immunotherapy (Figure 1).




Figure 1 | Patient-derived organoids (PDOs) for precision cancer immunotherapy.




Adoptive Cell Transfer Therapy

In ACT immunotherapy, TILs or circulating lymphocytes are collected, high-affinity TCRs recognizing tumor antigens are selected or genetically engineered, subsequently, these cells expanded and activated ex vivo followed by reinfusion into patients (8, 83). CAR T cells are genetically modified T cells that produce an artificial T-cell receptor, targeting a specific antigen on the surface of tumor cells and circumventing MHC restriction (84). Studies have shown that PDOs are efficient platforms to evaluate the tumor-specific cytotoxicity of T cells (e.g., CAR T cell, TCR T cell). In the study of Michie et al. (85), PDOs were exploited to evaluate the effect of combination therapy of CAR T cells and birinapant, the inhibitor of apoptosis antagonist. They observed that the combination of CAR T cells with birinapant significantly reduce PDOs growth in a tumor necrosis factor (TNF)-dependent manner, while CAR T cells alone were relatively ineffective. Schnalzger et al. (35), developed a sensitive preclinical model, 3D PDOs, that allows assaying the CAR-mediated cytotoxicity in the native TIME mimicking model. Furthermore, they established a confocal live-cell imaging protocol for dynamic monitoring of cytotoxic activity toward organoids at a single organoid level. They demonstrated a stable effector-target cell interaction in the co-culture of NK cells with CRC or normal organoids on an ECM layer. In addition, CRC organoids were utilized to monitor the tumor antigen-specific cytotoxicity of EGFRvIII or FRIZZLED receptors-targeting CAR-engineered NK-92 cells. In sum, they established a sensitive platform to assay CAR efficacy and tumor specificity in a personalized manner (35). In addition, Epithelial-only PDOs, while lacking stromal and immune components, can be used for the selection of tumor-reactive T cells (33). This co-culture strategy can be served to enrichment, stimulation, and efficacy evaluation of tumor-reactive lymphocytes. Dijkstra et al. (33), cocultured CRC or NSCLC organoids with autologous circulating T cells (PBMCs), in medium supplemented with anti-PD1, anti-CD28, and IL-2 for generation of tumor-reactive CD8+ populations. After two weeks of co-culture, T cell-mediated killing, MHC-dependent cytotoxicity, against autologous tumors organoids, and upregulation of CD107a and IFNγ secretion in CD8+ T cells were observed. But, these tumor-reactive CD8+ cells did not affect the survival of matched healthy organoids. Therefore, they established a platform for the expansion of tumor-reactive T cells and evaluation of the specificity and sensitivity of cancer cell killing by autologous T cells in a personalized manner. Additionally, tumor-reactive T cells can be isolated from TILs that are more specific than the non-infiltrating lymphocytes, subsequently, these cells can be infused back into the patient (86).



Immune Checkpoint Inhibitors

Clinical benefits of ICIs that target CTLA-4, PD1/PD-L1 have been observed in various advanced tumors, such as renal cell carcinoma (RCC) (87), cutaneous squamous cell cancer (88), melanoma (11), head and neck cancer (89), and NSCLC (10). Epithelial-only organoid biobanks have been established from diverse malignancies and are widely available through entities such as the Human Cancer Models Initiative (HCMI). But lack of immune compartments in these types of PDOs hinders their immunotherapy application. Some studies have been performed to overcome this issue. For instance, Kong and colleagues (36), cocultured epithelial-only submerged Matrigel organoids with autologous TILs and demonstrated the TILs migration toward organoids and cytotoxic activity of T cells. They also showed the rescue of TIL function after ICB. But since, co-culturing the epithelial only PDOs with exogenous immune cells, as a reconstitution approach, cannot fully recapitulate the complex interaction and crosstalk between diverse cell populations in the TME, especially when using immunomodulatory drugs. To tackle this problem, a holistic culture approach, such as 3D microfluidic and ALI culture strategies, can be utilized for TIME modeling. The dynamic response and resistance to ICB (such as PD-1 blockade) can be recapitulated using organotypic spheroids in a short-term 3D microfluidic culture that maintains autologous myeloid and lymphoid cell populations similar to the original donor human or mouse tumors (45). As well, the cytokine secretion profiles of PDOTS/MDOTS matched the profile of the donor tumors (45). Therefore, PDOTS/MDOTS profiling facilitates the evaluation of ICB using clinically relevant models. Neal et al. (42), utilized WENR (WNT3A, EGF, NOGGIN, and RSPO1) base medium to expand and serially passage physically processed cancer fragments as ALI organoids. They demonstrated that ALI PDOs, like the microfluidic approach, preserve the stromal and immune cell populations, and effectively recapitulate the expansion, activation, and tumor cytotoxicity of tumor antigen-specific TILs in response to PD-1/PD-L1 ICB. They observed the CD8+ TIL expansion, activation, and tumor cell killing after 1 week of anti-PD-1 treatment of ALI PDOs from various human tumor biopsies, including RCC, NSCLC, and melanoma. It should also be noted that the material and composition of devices used in organoid culture can affect the results of immunotherapy such as ICB studies (74).



Other Immunotherapy Applications

PDOs can be used as predictive tools to study the specific infectivity, and cytotoxicity of the oncolytic virus alone or in combination with chemotherapy (90). In the study of Raimondi et al, Oncolytic adenovirus (OA) displayed a good selectivity of replication in PDAC organoids, but not in healthy pancreas tissue organoids. Patient-specific responses were also observed, indicating that PDOs are reliable in vitro tumor models to assay preclinical responses to oncolytic viruses.

Tumor organoids can also be utilized to study the specificity and efficacy of antibody-based immunotherapy. As mentioned in the previous section, many studies used the organoid models in antibody-based ICB therapies (42, 45, 69, 91). Courau et al. (92), showed that both NKG2D-MICA/B and NKG2A-HLA-E pathways are involved in the infiltration process of activated/memory T and NK cells into organoids, subsequently these activated cells can kill cancer cells and disrupt the 3D structure. They demonstrated that anti-MICA/B and a combination of both anti-MICA/B and anti-NKG2A antibodies were able to induce immune-mediated destruction of colorectal tumor organoids during cocultures with autologous TILs. Gonzalez-Exposito et al. (93), established seven PDOs from treatment-refractory metastatic CRC and one from a treatment naïve primary CRC, to investigate on resistance and sensitivity mechanisms of cibisatamab, a bispecific monoclonal antibody that binds carcino-embryonic antigen (CEA) on tumor cells and CD3 on T cells. They designed a co-culture of organoids and allogeneic CD8+ T cells to evaluate cibisatamab efficacy. Using this platform, they demonstrated that CEAlow PDOs were resistant whereas CEAhigh PDOs were sensitive to cibisatamab. Indeed, CEAlow cells maintain tumor cell growth, and an increased WNT/β-catenin pathway activity was detected in CEAlow cells by RNA-sequencing. They suggested the use of WNT/β-catenin pathway inhibitors in combination with cibisatamab as a potential strategy to increase the treatment success.




Conclusions

Nowadays, the use of PDOs to study the dynamic interactions between cancer and the immune system has attracted increasing attention. In addition, the modeling of TME could facilitate immunotherapy screening in the preclinical setting. Lack of stromal components and vascular network are the major limitations of organoid technology for studying the influence of TIME on cancer behavior against immunotherapy agents. To overcome these restrictions, the complex organoids have been developed by co-culturing of organoids (or progenitor cells) with immune cells, CAFs, mesodermal progenitor cells. In addition, co-culturing of organoids with PBMCs or immune cells from lymph nodes can model the cancer-immunity cycles, including effector T cell priming/activation, T cell trafficking/infiltration into tumor tissues, and recognition/killing of cancer cells by T cells. For the long-term preservation of immune cells, using additional supplements such as anti-CD28, anti-CD3, and IL-2 antibodies has been suggested. As well, the culture media composition should be optimized in such a way that supports the growth of all clones without selective growth of specific colonies. Recapitulation of mechanical stress such as physiologic shear flow can improve the modeling of native TME. Using scaffolds with well-defined composition and control of size, shape, cell number, and relative arrangement of different cell types within organoids could improve the reproducibility of drug screening results. In comparison to animal models, establishing a research platform with organoid models take less time: it is feasible to establish a successful human organoid culture within a few weeks or months, as a result, it is possible for PDOs to be used for precision medicine to provide robust data on individual mutation profiles and drug responses (94). Numerous clinical trials are underway to evaluate the various applications of organoids and their effectiveness in precision cancer immunotherapy.
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Kidney cancer is one the most lethal cancers of the urinary system, but current treatments are limited and its prognosis is poor. This study focused on kidney renal clear cell carcinoma (KIRC) and analyzed the relationship between epigenetic alterations and KIRC prognosis, and explored the prognostic significance of these findings in KIRC patients. Based on multi-omics data, differentially expressed histone-modified genes were identified using the R package limma package. Gene enhancers were detected from data in the FANTOM5 database. Gene promoters were screened using the R package ChIPseeker, and the Bumphunter in the R package CHAMP was applied to screen differentially methylated regions (DMR). Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis and Gene Ontology (GO) functional enrichment analysis of genes was performed using the R package clusterProfiler. We identified 51 dysregulated epigenetic protein coding genes (epi-PCGs) from 872 epi-PCGs, and categorized three molecular subtypes (C1, C2, and C3) of KIRC samples with significantly different prognosis. Notably, among the three molecular subtypes, we found a markedly differential immune features in immune checkpoints, cytokines, immune signatures, and immune cell distribution. C2 subtype had significantly lower enrichment score of IFNγ, cytotoxic score (CYT), and angiogenesis. In addition, an 8-gene signature containing 8 epi-PCGs (ETV4, SH2B3, FATE1, GRK5, MALL, HRH2, SEMA3G, and SLC10A6) was developed for predicting KIRC prognosis. Prognosis of patients with a high 8-gene signature score was significantly worse than those with a low 8-gene signature score, which was also validated by the independent validation data. The 8-gene signature had a better performance compared with previous signatures of KIRC. Overall, this study highlighted the important role of epigenetic regulation in KIRC development, and explored prognostic epi-PCGs, which may provide a guidance for exploiting further pathological mechanisms of KIRC and for developing novel drug targets.
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Introduction

Kidney cancer is the most lethal cancer of the urinary system, and shows an increasing incidence in recent years (1, 2). Due to a lack of specific clinical manifestations of kidney cancer, about 20-25% of patients have already developed distant metastasis by the time of diagnosis (3). For localized kidney cancer, local surgical resection in the form of partial or radical nephrectomy offers the possibility of partial cure. However, patients who have developed local recurrence or distant metastases are relatively resistant to conventional chemotherapy and radiotherapy and have a low 5-year survival rate (4, 5). Immunotherapy, especially immune checkpoint inhibitors, creates the hope for treating metastatic kidney cancer. For instance, monotherapy (nivolumab) or combined therapy (nivolumab and ipilimumab) shows favorable results on prolonged oval survival (6). Combined with other therapeutics such as tyrosine kinase inhibitors (TKIs), prolonged progression-free survival can be also realized in early phase trials (7). Nevertheless, a large proportion of kidney cancer patients still could not benefit from the immunotherapy due to individual differences. Therefore, to benefit more patients from immunotherapy, molecular subtyping may serve a role for assisting personalized therapies and reducing unnecessary treatment. So far, we face a lack of biomarkers for prognosis prediction and drug targets for therapeutic intervention, target-specific precision therapy for kidney cancer treatment, and KIRC patients often develop a poor prognosis. Therefore, there is an urgent need to find reliable new biomarkers to better understand the mechanisms of kidney cancer progression and to further develop new therapeutic strategies.

The essence of tumor occurrence and development is the inactivation of tumor suppressor genes and the activation of tumor-promoting genes. It takes a long time from the initial genetic change to evolve to a solid tumor. There is an epigenetic change prior to genetic change, or it is said that dysregulated gene expressions are caused by epigenetic changes. Studies have shown that epigenetic changes can regulate gene expression. Common epigenetic modifications include DNA methylation and acetylation, histone methylation and acetylation. Especially, histones modification, which commonly refers to methylation and acetylation, plays an important role in abnormal expression of genes. The modification of histone acetylation is based on the acetylation modification of histone lysine residues, which is largely related to transcriptional activation (8), and such a transcriptional activation is closely associated with the phenotype of a variety of tumors (9). When hyperacetylation occurs, particularly in proto-oncogenes, gene expression may be activated, and the hypoacetylation of tumor suppressor genes is usually located in the promoter, which will cause gene silencing when co-occurring with DNA methylation (10). The function of histone methylation modification is more complicated than that of histone acetylation modification in tumors (11, 12), but it is generally believed that the modification of histone methylation will reduce the transcription of target genes (13). Still, the relationship between such a modification and tumor development needs further research.

Current studies have shown that abnormal histone methylation is an independent prognostic marker of kidney cancer and a potential clinical target of kidney cancer (14–16). Various gene signatures related to epigenetic dysregulation have been developed for predicting the prognosis of renal cell carcinoma. For example, Zhou et al. analyzed the copy number variations (CNVs) of N6-methyladenosine (m6A) regulatory genes in clear cell renal cell carcinoma (ccRCC) samples, and observed a significant correlation between their CNVs and either overall survival or disease-free survival (17). Based on the expression of 19 m6A regulators, Zheng et al. constructed three molecular subtypes and established a seven-gene signature for ccRCC patients (18). Using two-way hierarchical clustering for methylation array data of ccRCC, three candidate genes with hypermethylation were identified and were significantly associated with metastatic free survival (19). However, limited studies comprehensively analyzed the epigenetic-dysregulated genes in kidney cancer, and less findings on the effect of epigenetic dysregulation on tumorigenesis and tumor pathology from different aspects such as tumor microenvironment and immune response were available.

Therefore, in this study, we focused on differential expressed genes and epigenetic-dysregulated genes concerning H3K27ac, H3K4me1, and H3K4me3, and identified 51 epigenetic protein-coding genes (epi-PCGs) associated with RCC prognosis. We constructed three molecular subtypes based on 51 epi-PCGs, and found significant differences on tumor microenvironment among the three subtypes. Finally, with the epi-PCGs, we constructed an 8-gene prognostic risk model that demonstrated a stable prediction performance in both the training set and the verification set. Our research results help better understand the abnormal epigenetic regulation of PCG expression in KIRC.



Materials and methods


Data download and preprocessing

The work flow of this study was shown in Figure 1. We downloaded the gene expression profile of kidney renal clear cell carcinoma (KIRC) and expression profile data such as fragments per kilobase million (FPKM), count number of normal samples, and clinical information of corresponding healthy control samples from the TCGA database (The Cancer Genome Atlas, https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga),and converted FPKM to TPM (transcript per million). Based on the gene annotation file of GENCODE, the expression profile was divided into long-non coding RNAs (lncRNAs) and positive correlation genes (PCGs), and we converted the Ensembl ID of these genes into Gene Symbol. At the same time, the RECA-EU data set with survival time was downloaded from the International Cancer Genome Consortium (ICGC) (https://dcc.icgc.org/) database. A total of 526 and 91 KIRC samples were included finally in TCGA and ICGC data sets respectively. See Table 1 for the clinical information of the processed samples.




Figure 1 | The work flow of this study.




Table 1 | Clinical information of the sample in TCGA and ICGC datasets.





The 450K methylation chip data and preprocessing

In this study, the KIRC chip data (HumanMethylation450 microarray) (20) was downloaded from TCGA database. According to the provided chip data, CpG with cross-reactive probes were removed. We further excluded the unstable methylation sites including CpG sites and single nucleotide sites locating in X/Y chromosome. Based on the sample number of KIRC, the chip data was split into 319 KIRC samples and 160 normal samples. The K-nearest neighbor (KNN) method (21), which uses distance measurement to identify neighboring points and can estimate missing values with the complete data of neighboring observations, was employed here to input missing values in the KIRC sample data.



Histone data and preprocessing

We downloaded the hg19 version of the GSE86091 dataset with paracancerous samples and tumor samples from the Gene Expression Omibus (GEO) database (22). The dataset contained three histone information, namely, H3K4me1, H3K4me3, and H3K27ac.



Identification of PCGs with epigenetic dysregulation

The R package limma (23) was used to identify differentially expressed PCGs in KIRC. The P value was determined by the Benjami-Hochberg method, and PCGs with false discovery rate (FDR)< 0.05 and |log2 fold change (FC)|> 1 were considered significant. Secondly, we screened peaks specific to KIRC based on the physical location of histones-modified peaks, and only the peaks with p< 0.05 were retained as differential peaks. Then GTF file from GENCODE was combined to obtain histone-modified differentially genes. Human enhancer database was downloaded from FANTOM5 to screen gene enhancers. A gene promoter was defined as 2 kb upstream and 0.5 kb downstream of the transcription start site (TSS). The R package ChIPseeker (24) was employed to identify gene promoter. DMR was detected using The Bumphunter method in the R package CHAMP, and the area with BumphunterDMR.p.value< 0.001 was considered as a significant DMR. Finally, PCGs abnormally regulated by epigenetics were defined by the following criteria (1): PCGs were differentially expressed in KIRC and normal samples; (2) promoters or enhancers overlapped at least one differential histone modification region or differentially methylated regions (named epi-PCG, non-epi-PCG).



Genomic characterization of epigenetically dysregulated PCG

To compare the genomic characteristics of PCGs with or without epigenetic dysregulation, we analyzed the exons, transcripts, and number and length of the four types of genes epi-PCG and non-epi-PCG.



PCG genomic map of epigenetic dysregulation characterized by different histone modifications

To explore the epigenetic characteristics of PCG caused by histone modification, the distribution characteristics of the promoters and enhancers of different histone modification epi-PCG on the genome were analyzed.



Functional enrichment analysis on candidate PCGs with epigenetic dysregulation specific in KIRC

To understand the function of epigenetically dysregulated PCG, we used clusterProfiler in the R software package (v3.14.0) (25) to perform KEGG pathway analysis and GO function enrichment analysis on epi-PCGs related genes.



Molecular subtyping of PCGs based on epigenetic dysregulation

From the TCGA and ICGC data sets, univariate analysis on epi-PCGs was performed to screen prognosis-related genes (p< 0.05), followed by molecular subtyping. Genes related to survival in the two data sets were selected as cluster genes, and the samples from the TCGA and ICGC data set were clustered by ConsensusClusterPlus (26) to determine the optimal cluster number according to the cumulative distribution function (CDF) number. Next, we compared the distribution of pathways in different subtypes, and analyzed the immune microenvironment and chances of KIRC patients benefiting from receiving immunotherapy.



Random grouping of training set samples and single-factor analysis

A total of 526 samples in the TCGA data set were divided into a training set and a validation set. To avoid random distribution error from affecting the stability of subsequent modeling, all the samples were randomly grouped for 100 times without replacement. Here, the group sampling was performed based on the ratio of training set: verification set = 3:2. The most suitable training set and validation set was selected according to the following conditions: 1) The two groups were similar in age distribution and gender ratio; 2) The two randomly grouped data sets had similar numbers of samples after clustering the gene expression profiles. Finally, the training set and test set samples were assessed by chi-square test to validate the grouping. In the training set data, for each epi-PCG, the R package survival coxph function was used to perform univariate Cox analysis. P< 0.05 was the threshold to screen genes with prognostic significance.



Least absolute shrinkage and selection operator (Lasso) cox regression for multi-factor risk analysis

To facilitate clinical testing, it is necessary to further reduce the number of prognostic genes in the model while maintaining a high accuracy. The Lasso method shapes a more refined model by constructing a penalty function, and it compresses certain coefficients and sets some coefficients to zero at the same time (27). This method has the advantages of subset shrinkage, and as a biased estimation for processing data with multicollinearity, it can realize the selection of variables while estimating the parameters in solving the problem of multicollinearity in regression analysis. We used glmnet in the R software package to perform lasso cox regression analysis, observed the change trajectory of each independent variable, and used 10-fold cross-validation to build the model, and analyzed the confidence interval under each lambda. Stepwise Akaike information criterion (stepAIC) (28) was employed in ensuring the statistical fit of the model and number of parameters used to fit the model. The stepAIC method in the MASS package starts with the most complex model and deletes a variable in turn to reduce the AIC, with a lower value indicating a better model. This algorithm was used here to reduce the number of genes. The RiskScore calculation formula was:

	

(Coef: regression coefficient of genes in multivariate Cox regression analysis, n: total number of genes related to prognosis). The RiskScore of each patient was calculated by the formula. Survminer R package (http://www.sthda.com/english/rpkgs/survminer/) was used to determine the optimal cut-off values. We performed z-score transformation on RiskScore, and z-score = 0 was set as a cut-off for dividing samples into high-risk groups (z-score > 0) and low-risk groups (z-score< 0). The Kaplan-Meier method was used to estimate the survival rate and survival time of different groups.



Functional analysis on the model pathways

The R software package GSVA (29) was used to perform single-sample GSEA analysis on the gene expression profile of the samples. The score of each sample on different functions was calculated to obtain the ssGSEA score of each function in each sample, and we further determined the correlation of these functions with RiskScore.



Cell culture

The HK2 cell line (normal human renal tubular epithelial cell line) and all the four human RCC cell lines (786-O, A498, Caki-1 and ACHN) were obtained from the Cell Bank of Type Culture Collection of the Chinese Academy of Sciences (CBTCCCAS, Shanghai, China). The cells were cultured in RPMI 1640 medium (Gibco, United States) or DMEM medium (Gibco, United States) containing 10% fetal bovine serum (Gibco, United States), 100 U/ml penicillin, and 100 mg/ml streptomycin at 37°C in a humidified incubator with 5% CO2.



Quantitative real-time PCR

Total RNA extract was prepared from HK2 cells and RCC cells using TRIzol Reagent (Beijing Solarbio Technology Co., Ltd., Beijing, China) according to the manufacturer’s instructions. The reverse transcription was performed using the TaKaRa PrimeScriptTM RT-PCR kit (TaKaRa, Mountain View, CA). The qRT-PCR was conducted using the SYBR Premix Ex TaqTM (TaKaRa). Eight epi-PCGs mRNA expression levels were evaluated by the 2-ΔΔCT method. The expression of GAPDH served as an internal control. The primer sequences utilized in the present study are listed in Supplementary Table 1.



Western blot

To measure the protein concentrations, RIPA lysis buffer (R0010, Solarbio, China) supplemented with protease inhibitors (Roche) was used to lyse the HK2 cell line and all four human RCC cell lines. The BCA kit (Pierce, Rockford, IL) was used to measure the protein concentrations. After adding the total protein to loading buffer, it was separated using 10% sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) and then transferred onto polyvinylidene fluoride (PVDF) membrane (Merck Millipore, Billerica, MA). The membrane was blocked with 5% skimmed milk for one hour and subsequently blocked with primary antibodies against ETV4 (Santa Cruz), SH2B3 (Thermo Fisher Scientific), FATE1 (Santa Cruz), GRK5 (Abcam), MALL (Santa Cruz), HRH2 (ABclonal), SEMA3G (Abcam) and SLC10A6 (Santa Cruz) overnight at 4°C. After the PVDF membrane was washed with TBST, it was incubated with the corresponding secondary antibody for two hours. Identification of the proteins was conducted using Pierce SuperSignal West Pico Chemiluminescent Substrate (Termo Fisher, Waltham, MA), following the instruction of the manufacturer. GAPDH antibody was used as an internal reference.



Statistical analysis

R software (v4.1.0) was used to perform all statistical analysis. Student’s t test was conducted between two groups. ANOVA test was performed among three groups. Log-rank test was performed in Kaplan-Meier survival analysis, univariate and multivariate Cox regression analysis. In the relation between RiskScore and clinical features, Wilcoxon test was conducted between two groups, and Kruskal-Wallis test was conducted among four groups. Benjamini & Hochberg correction was used to adjust P values. All parameters without special indication in the methods were set as default. P< 0.05 or FDR< 0.05 was considered as significant. *P< 0.05, **P< 0.01, ***P< 0.001, ****P< 0.0001. ns, no significant.




Results


Identification of PCGs with epigenetic dysregulation

To analyze the relationship between PCGs expression and epigenetic changes in KIRC, limma was used to identify significantly differentially expressed genes (a total of 2755 PCGs). Combining histone modification data and methylation data, we finally found 872 epi-PCGs and 18629 non-epi-PCGs. Epi-PCGs accounted for only 4.47% of all the PCGs (872/19501).

The number and length of gene exons and transcripts of epi-PCGs and non-epi-PCGs was compared to show the genomic characteristics of epigenetically dysregulated PCGs. The number of epi-PCG transcripts was more than that of non-epi-PCGs, while the length of epi-PCGs transcripts was shorter than that of non-epi-PCGs (Figures 2A, B). Meanwhile, epi-PCGs had more exons and longer length of exons than those of non-epi-PCGs (Figures 2C, D). Furthermore, we systematically analyzed the epi-PCGs in KIRC, and revealed the epi-PCG landscape characterized by different histone modifications and differentially methylated regions (Figure 1E). The data demonstrated that most of the epigenetically dysregulated PCGs were accompanied by a variety of histone modification abnormalities, and that these abnormal histone modifications were mainly concentrated in the promoter region (Figure 2F).




Figure 2 | Comparison of genomic characteristics of epigenetically dysregulated lncRNA/PCGs (n = 872) and non-epigenetically dysregulated lncRNA/PCGs (n = 18629). (A) Comparison of the number of transcripts; (B) Comparison of the length of transcripts; (C) Comparison of the number of exons; (D) Comparison of the lengths of exons; (E) Genomic landscape of epi-PCGs characterized by histone modification; (F) Location distribution of histone modifications of epi-PCGs. *P < 0.05, ***P < 0.001.





SsGSEA analysis of dysregulated epi-PCGs

To characterize the potential functions of PCG dysregulation caused by abnormal histone modifications, we systematically analyzed the relationship between the expression of epi-PCGs and the pathways in KIRC. Specifically, we extracted the expression profiles of PCGs caused by different histone modifications, and calculated the enrichment scores of each sample in these PCGs using ssGSEA. It was found that the GSEA scores of 6 kinds of dysregulated histones were significantly higher in tumor samples than normal samples, indicating that these dysregulated histones had cancer-promoting effect (Figure 3A).




Figure 3 | Functional enrichment analysis of epi-PCGs. (A) Differential expression of 6 kinds of epigenetically dysregulated PCGs in cancer (n = 319) and adjacent cancer (n = 160) tissues; (B) The most relevant KEGG Pathway enriched by the 6 kinds of dysregulated PCGs. ***P < 0.001.



In addition, we also evaluated the KEGG Pathway score of each sample and analyzed the relationship between the enrichment score of each type of epi-PCG and KEGG Pathway to obtain relevant KEGG Pathway for each type of epi-PCG. A total of 24 pathways, which were the most relevant KEGG Pathways related to the 6 types of epi-PCG, were shown in Figure 3B. The results indicated that different types of epi-PCG-related pathways had certain consistency. Among these 24 pathways, there were tumor-related pathways such as BLADDER_CANCER, hematopoietic cell lineage, JAK-STAT signaling pathway, immune-related pathways such as Toll like receptor signaling pathway, T cell receptor signaling pathway, natural killer cell mediated cytotoxicity. These data suggested that epi-PCGs were closely related to tumor occurrence, development and immunity.



Epigenetic dysregulation of PCGs was closely related to RNA modification

RNA modification is an important epigenetic feature related to a variety of important biological processes. Here, we analyzed the relationship between 6 types of epi-PCGs and m6A and m5C RNA modifications. Specifically, we extracted the expression profile of m6A, m5C, and m1A in KIRC from TCGA, and the correlation between the enrichment scores of 6 types of epi-PCGs and m6A, m5C, and m1A was analyzed (Figure 4A). We found that these enrichment scores were significantly correlated with m6A, m5C, and m1A. The R software package clusterProfiler (v3.14.0) was further used to perform KEGG pathway analysis and GO function enrichment analysis on the epi-PCGs. For the GO function annotation of genes, 519 BPs with significant differences (FDR<0.05) were annotated; 79 CCs with significant differences (FDR<0.05) were annotated; 48 MFs with significant differences were annotated (FDR<0.05); KEGG pathway enrichment analysis were annotated to 38 significant pathways (FDR<0.05). The top 10 enriched terms were visualized (Figures 4B–E).




Figure 4 | Epi-PCGs and RNA modification correlation and functional enrichment analysis. (A) Correlation between the enrichment scores of 6 kinds of epigenetic modification; (B) Epi-PCGs-enriched BP annotation map; (C) Epi-PCGs-enriched CC annotation map; (D) Epi-PCGs-enriched MF annotation map; (E) Epi-PCGs-enriched KEGG annotation map. The abscissa represents the enrichment score, and the ordinate represents the enriched functions or pathways. The size represents the number of gene enrichment, and the color represents P-value. *P < 0.05, **P < 0.01, ***P < 0.001.





Identification of 3 molecular subtypes with prognostic differences based on epi-PCGs

In the TCGA and ICGC data sets, single-factor survival analysis was performed on epi-PCGs, and survival-related genes in both data sets were selected as cluster genes for molecular subtyping. Finally, 51 intersection genes were included (Figure 5A). Analysis of expression differences of the 51 genes between normal and tumor samples showed that these genes had significant differences in expression (Supplementary Figure 1A). In addition, a modification map of some genes on histones was drawn (Supplementary Figures 1B, C). Based on 51 Epi-PCGs, the two data sets were clustered by ConsensusClusterPlus, and the optimal number of clusters was determined according to the cumulative distribution function (CDF). Combining CDF Delta area curve and survival Curve, k = 3 was used to obtain three Epi-PCGs-related subtypes (Figures 5B, C). KM analysis indicated that C2 had a poor prognosis in the TCGA data set, while C1 had a better prognosis (Figure 5D). Similar results were observed in the ICGC data set (Figure 5E).




Figure 5 | Identification of epi-PCGs-related molecular subtypes. (A) Venn diagram of prognostic significant genes in TCGA and ICGC data set obtained by univariate Cox regression analysis; (B) CDF curve and CDF Delta area curve of TCGA cohort samples (n = 526). Delta area curve of consensus clustering, which indicates the relative change in area under the cumulative distribution function (CDF) curve for each category number k compared with k – 1. The horizontal axis represents the category number k and the vertical axis represents the relative change in area under CDF curve; (C) Cluster heat map of TCGA data set samples (n = 526) when k = 3; (D) KM curve of the prognosis of the three molecular subtypes in the TCGA data set (n-C1 = 296, n-C2 = 77, and n-C3 = 153); (E) KM curve of the prognosis of the three molecular subtypes in the ICGC data set (n-C1 = 45, n-C2 = 26, and n-C3 = 20).



Studies found that chemokines play a key role in the occurrence and development of tumors. They can mediate a variety of immune cells into the tumor microenvironment, help T cells enter tumor and affect tumor immunity and therapeutic effects. Therefore, we analyzed whether there were expression differences in chemokines among the three molecular subtypes. In the TCGA data set, 26 of 41 chemokines (63.41%) showed significant expression differences in different subtypes (Figure 6A), which suggested that the degree of immune cell infiltration of different subtypes may be different, and that these differences could lead to differences in tumor progression and immunotherapy effects. In addition, 17 of the 18 chemokine receptor genes (94.44%) had significant differences in the expression of the three molecular subtypes (Figure 6B).




Figure 6 | Differences in the distribution of chemokines, IFNγ scores, immune T cell cytolysis activity, angiogenesis scores, and immune checkpoint genes in different subgroups. (A) Difference in the expression and distribution of chemokines in the TCGA cohort; (B) Difference in the expression and distribution of chemokine receptors in the TCGA cohort; (C) Difference in the distribution of IFNγ scores in different subgroups in the TCGA cohort; (D) Differences in immune T cell cytolysis activity in different subgroups; (E) Differences in angiogenesis scores in different subgroups; (F) Differences in the expression and distribution of immune checkpoint genes in the TCGA cohort; the significance was tested by analysis of variance, * means p< 0.05; ** means p< 0.01, *** means p< 0.001, **** means p< 0.0001, ns, not significant.



CD8 + T cells in the tumor microenvironment can produce interferon-γ (IFNγ) to stimulate the up-regulation of PD-1/PD-L1 and IDO1 gene expression (30, 31). Studies have shown that the up-regulation of IDO1 expression is positively correlated with poor prognosis and tumor progression and metastasis (32, 33). We extracted Th1/IFNγ gene signatures and 47 immune checkpoint-related genes from a previous study (34). In addition, according to Rooney Michael S (35), the average value of GZMA and PRF1 expression levels was used to evaluate the immune cytolysis (CYT) of immune t cell of each patient, then the angiogenesis-related gene set was obtained to evaluate each patient’s angiogenesis score (36). The IFNγ score, CYT score and angiogenesis score of each patient were calculated using ssGSEA. It can be observed that there were significant differences in IFNγ scores in each subgroup (Figure 6C). Among them, C1 and C3 had the highest immune T cell cytolysis activity, while that of C2 was the lowest (Figure 6D). C2 had the lowest angiogenesis score (Figure 6E). In the correlation analysis of 47 immune checkpoint-related genes, 43 genes had significant differences in the three subgroups (Figure 6F). These results indicated that different subgroups may respond to immunotherapy differently.



The immune characteristics and pathway characteristics of different molecular subtypes were significant

In the TCGA data set, the CIBERSORT method was used to evaluate the scores of 22 immune cells in each sample, and the distribution of these immune cell scores in the three subgroups was observed, as shown in Figure 7A. 16 immune cells showed significant differences in different subtypes (Figure 7B). We used the method of ssGSEA to calculate the scores of 28 immune cells (37), then compared their differences in the subtypes, and 28 immune infiltration scores were found to have significant differences in the subtypes (Figure 7C).




Figure 7 | Evaluation of immune and pathway characteristics of different molecular subtypes. (A) The proportion of the 22 immune cell components of samples in different subgroups. (B) Differences in 22 immune cell components of samples in different subgroups; (C) Differences in 28 immune infiltration scores in different subgroups. *P < 0.05, **P < 0.01, ***P < 0.001. ns, not significant.





C2 molecular subtype had a lower TIDE score

We analyzed the differences of different molecular subtypes in response to immunotherapy and chemotherapy. TIDE (http://tide.dfci.harvard.edu/) software was used to evaluate the potential clinical effects of immunotherapy on our defined molecular subtypes. A higher TIDE prediction score indicated a higher possibility of immune escape, which suggests that the patient is less likely to benefit from immunotherapy. As shown in Supplementary Figure 2, in the TCGA data set, C2 had the lowest TIDE score (Supplementary Figure 2A). At the same time, we also compared the predicted T cell dysfunction scores (Supplementary Figure 2B) and T cell exclusion scores (Supplementary Figure 2C) in different molecular subtypes, and there were also significant differences between different groups.



Establishing a prognostic risk model based on epi-PCG-related genes

The final training set data had a total of 316 samples, and the test set data had a total of 210 samples. See Table 2 for sample information of training set and validation set. Chi-square test was applied to assess the training set and test set samples. The results showed that our grouping was reasonable and there was no significant difference between groups (P > 0.05).


Table 2 | Clinical information of TCGA training set and validation set samples.





Construction and evaluation of an 8-gene risk model

Using the training set data, univariate Cox analysis was performed for each epi-PCG, and p< 0.05 was the threshold for filtering. Finally, 46 prognostic genes were included. In this study, 46 genes with differences have been identified. We used the R software package glmnet to perform lasso cox regression analysis. Firstly, the change trajectory of each independent variable was analyzed, as shown in Figure 8A. It can be seen that as the lambda gradually increased, the number of independent variable coefficients close to 0 also gradually increased. 10-fold cross-validation was employed to build a model, and the confidence interval under each lambda was determined, as shown in Figure 8B. It can be seen that the model was optimal when lambda = 0.0316. Thus, 10 genes when lambda = 0.0316 were considered as the target genes for further analysis. To reduce the number of genes, the stepAIC method in the MASS package was used, we finally reduced 10 genes to 8 genes. The final RiskScore formula was as follows:




Figure 8 | Constructing a prognostic model in TCGA data set. (A) The change trajectory of each independent variable, the horizontal axis represents the log value of the independent variable lambda, and the vertical axis represents the coefficient of the independent variable; (B) The confidence interval under each lambda. (C) RiskScore, survival time and survival status and expression of the 8 genes in the TCGA training set; (D) ROC curve and AUC of 8-gene signature classification; (E) KM survival curve distribution of the 8-gene signature in the training set.



RiskScore=0.28*ETV4+0.631*SH2B3-0.338*FATE1+0.363*GRK5-0.42*MALL-0.196*HRH2-0.354*SEMA3G-0.431*SLC10A6

The RiskScore of each sample was calculated according to the expression level of the samples, and the RiskScore of the sample was shown in Figure 8C. Furthermore, we used the R software package timeROC to analyze the ROC of RiskScore for prognostic classification, and determined the classification efficiency of 1-, 3-, and 5- year prognosis, respectively. As shown in Figure 8D, the model had a high AUC area. Finally, z-score was performed on Riskscore. Samples with Riskscore greater than zero were divided into high-risk groups, while those with Riskscore lower than zero were in low-risk groups, and the KM curve was drawn, as shown in Figure 8E. A significant difference of p< 0.0001 can be found, and here 143 samples were classified into high-risk groups and 173 samples were classified into low-risk groups.



The 8-gene signature had a strong robustness in different cohorts

To evaluate the robustness of the model, the RiskScore of each sample in the TCGA validation set, TCGA entire data set and ICGC data sets were calculating using the same model and the same coefficients as the training set, according to the expression level of the sample. The R software package timeROC was applied to analyze the prognostic classification of the RiskScore of the TCGA validation set. The ROC efficiencies of 1, 3, and 5 years were 0.73, 0.69, and 0.63, respectively (Supplementary Figure 3A). Finally zscore was performed on the Riskscore. Samples with Riskscore greater than zero were divided into high-risk group, whereas those lower than zero were in low-risk group, and the KM curve was drawn. The results showed that the prognosis of patients in the high-risk group was significantly worse than that of the low-risk group (p< 0.05, Supplementary Figure 3B). Specifically, 99 samples were classified as high-risk, and 111 samples were classified as low-risk.

In all TCGA data sets, the ROC efficiencies of 1, 3, and 5 years were 0.77, 0.73, and 0.70, respectively (Supplementary Figure 3C). The prognosis of patients in the high-risk group was significantly worse than that of the low-risk group (p< 0.001, Supplement Figure 3D). Here, 242 samples were classified as high-risk group, and 284 samples were classified as low-risk group.

Furthermore, we used the independent verification set ICGC to verify the applicability of the model. TimeROC was employed to assess the prognostic classification of the RiskScore on ICGC. The ROC efficiencies of 1, 3, and 5 years were 0.77, 0.73, and 0.70, respectively (Supplementary Figure 3E). Z-score on Riskscore was then performed, and samples with a Riskscore greater than zero were divided into the high-risk group, while those lower than zero were in the low-risk group, and the KM curve was drawn. The results demonstrated that the prognosis of patients in the high-risk group was significantly worse than that of the low-risk group (p< 0.001, Supplementary Figure 3F). Of these, 49 samples were classified as high-risk group, and 42 samples were classified as low-risk group.



Riskscore can distinguish different clinical subgroup characteristics

The clinical subgroup characteristics were divided by the Riskscore into high- and low-risk groups. The results demonstrated that Riskscore can significantly distinguish Age, Gender, TMN stage and Grade into two groups with prognostic differences (Figures 9A–M). Furthermore, comparison on the correlation between RiskScore and clinical subgroup characteristics also showed significant differences of Riskscore in T Stage, N Stage, M Stage, Stage, Grade, and Gender (Figures 9N–S, p< 0.05).




Figure 9 | Clinical subgroup survival analysis and correlation analysis based on Riskscore. (A–M) Prognostic survival curve of clinical characteristics based on Riskscore; (N–S) RiskScore comparison in clinical characteristics of TCGA data set.





The relationship between RiskScore and the pathways

We calculated the ssGSEA score of each sample on different functions, and further analyzed the correlation between these functions and RiskScore. The functions with a correlation greater than 0.4 were selected and shown in Supplementary Figure 4A, from which it could be found that one function was positively correlated with the RiskScore, whereas the remaining 22 were negatively correlated with the RiskScore. The most relevant 23 KEGG Pathways were selected and subjected to cluster analysis based on their enrichment scores, as shown in Supplementary Figure 4B. Among the 23 pathways, for example, P53 signaling pathway, increased with the increase of RiskScore, while metabolic pathways such as fatty acid metabolism, glycolysis gluconeogenesis gluconeogenesis, galactose metabolism decreased with the increase of RiskScore. Moreover, we characterized the protein-protein interaction (PPI) among these eight prognostic genes using the STRING online tool (https://www.networkanalyst.ca/). The result showed that SEMA3G, ETV4, and SH2B3 had a close interaction, and that GRK5 and HRH2 had a close interaction (Supplementary Figure 5), suggesting that they may have a synergetic effect on affecting KIRC prognosis.



The expression of the eight prognostic genes was correlated with immune infiltration and was differential in the three molecular subtypes

Furthermore, we evaluated whether there was a correlation between the expression of prognostic genes and immune cell infiltration. Pearson correlation analysis revealed that the enrichment of M0, M1, and M2 macrophages, and regulatory T cells was obviously correlated with the prognostic genes (Supplementary Figure 6). Especially, a relatively strong correlation was observed between ETV4 and activated CD4 memory T cells (R = 0.30). SEMA3G, SLC10A6, and SH2B3 expression were significantly correlated with regulatory T cells (R = -0.32, -0.38, and -0.35, respectively). In addition, we found the distribution of the expression of eight prognostic genes in three molecular subtypes. C2 subtype with the worst overall survival had the lowest expression of all eight genes in both TCGA and ICGC datasets (Supplementary Figure 7), which was consistent with the previous result that high-risk group had relatively lower expression of these genes (Figure 8C).



The 8-gene signature was an independent prognostic risk factor for KIRC

To validate the independence of the 8-gene signature model in clinical applications, single-factor and multi-factor cox analysis were performed on the TCGA data set. Univariate COX regression analysis demonstrated that RiskType was significantly related to patients’ survival. Corresponding multivariate COX regression analysis showed that RiskType (HR = 1.77, 95%CI = 1.39–2.24, p< 1e-5) was still closely related to survival. The above results indicated that the 8-gene signature was an independent prognostic risk factor for KIRC (Supplementary Figures 8A, B).

A nomogram is more effective to display the results of the risk model, and it is more convenient to be applied for predicting the outcome. The nomogram uses the length of the straight line to indicate the degree of influence of different variables on the outcome and the influence of different values of the variables on the outcome. We combined the significant clinical features of Age, M Stage, and RiskScore in multi-factor cox analysis to construct a nomogram model (Supplementary Figure 8C). The results demonstrated that RiskScore feature had the greatest impact on the survival rate prediction, indicating that the risk model established based on 5 genes can better predict the prognosis. In addition, we corrected the nomogram data for 1-, 3-, and 5-year survival to visualize the performance of the nomogram (Supplementary Figure 8D), proving that the method had a strong prediction performance. Furthermore, we plotted the DCA diagrams of Age, M Stage, RiskScore and nomogram, and the results showed that our nomogram had a high net benefit (Supplementary Figure 8E).



Comparison of risk models with other models

After referring to the literature, we finally selected 4 prognostic-related risk models, namely, 9-gene signature (Zhong) (38), 7-gene signature (Jiang) (39), 7-gene signature (Chen) (40), and 6-gene signature (Ren) (41), for comparing the prediction performance with our 8-gene model. To make the model comparable, we calculated the riskscore of each KIRC sample in the TCGA using the same method based on the corresponding genes in the 4 models. Z-score was performed on RiskScore, and samples with RiskScore greater than zero were classified into the high-risk group, while those with RiskScore lower than zero were in the low-risk group. The prognostic difference of KIRC samples between the two groups was calculated. The ROC and KIRC-KM curves of the four models were shown in Figure 10. It can be seen that the 1, 3, and 5-year AUC values of the 9-gene signature (Zhong) model were all lower than our model (Figure 10A); the 1- and 3-year AUC values of the 7-gene signature (Jiang) (Figure 10C) and 6-gene signature (Ren) (Figure 10G) models were lower than our model, but the 5-year AUC value was higher than our model; the 1-year AUC value of the 7-gene signature (Chen) model was higher than our model, but the 3- and 5-year AUC values were lower than our model (Figure 10E). The KIRC prognosis of the high- and low group samples predicted by these five models were also different (log rank p< 0.05) (Figures 10B, D, F, H).




Figure 10 | Comparison of our risk model with other models. (A) ROC of 9-gene signature (Zhong) risk model. (B) KM curve of 9-gene signature (Zhong) risk model on high- (n = 253) and low-group (n = 273) samples; (C) ROC of 7-gene signature (Jiang) risk model. (D) KM curve of 7-gene signature (Jiang) risk model on high- (n = 199) and low-group (n = 327) samples; (E) ROC of 7-gene signature (Chen) risk model. (F) KM Curve of 7-gene signature (Chen) risk model on high- (n = 261) and low-group (n = 265) samples; (G) ROC of the 6-gene signature (Ren) risk model. (H) KM curve of 6-gene signature (Ren) risk model on high- (n = 269) and low-group (n = 257) samples.





Verification of the expression level of 8 epi-PCGs in vitro

Furthermore, we detected the mRNA and protein expression levels of 8 epi-PCGs (ETV4, SH2B3, FATE1, GRK5, MALL, HRH2, SEMA3G and SLC10A6) in 4 human kidney cancer cell lines (786-O, A498, Caki-1 and ACHN) and the normal human renal tubular epithelial cell line HK2. As shown in Figure 11A, we observed that the mRNA expression level of ETV4 was significantly increased and the expression levels of SH2B3, FATE1, GRK5, MALL, HRH2, SEMA3G and SLC10A6 were decreased prominently in kidney cancer cells when compared with HK2 cell line. The protein expression level of 8 epi-PCGs was similar to the mRNA expression level (Figure 11B). These findings were consistent with the bioinformatics results, indicating that the differentially expressed epi-PCGs identified in multi-omics data analysis exhibited significant changes in cancer cells.




Figure 11 | Verification of the expression level of 8 epi-PCGs in vitro. (A) The mRNA expression level of 8 epi-PCGs (ETV4, SH2B3, FATE1, GRK5, MALL, HRH2, SEMA3G and SLC10A6) in 4 kidney cancer cell lines and HK2 cell line. (B) The protein expression level of 8 epi-PCGs. *P < 0.05, **P < 0.01, ***P < 0.001.






Discussion

Surgery is currently the main treatment for KIRC, but about 20% of KIRC patients are already at advanced stage by the time of diagnosis and have missed the optimal opportunity for taking surgery (42). Moreover, even with surgical resection, about 30% of patients with localized KIRC tend to develop recurrence and metastasis, and the 5-year survival rate of patients with distant metastasis is about 8-10% (43, 44). Therefore, there is an urgent need to further understand the molecular mechanism of KIRC occurrence and development to provide more accurate and effective clinical treatment strategies.

Dysregulation of expression of functional proteins in the cell plays a critical role in tumorigenesis, which mostly stems from the dysregulation of expression of its protein-coding genes (PCG). Based on this, we first screened differentially expressed PCGs in KIRC, and then combined with histone modification data and methylation data, we found 872 epi-PCGs and 18629 non-epi-PCGs. Epi-PCGs accounted for only 4.47% of all the PCGs. Although the proportion of epi-PCG was not high, it still pointed to the important role of epigenetic modification in tumors. Previous studies have shown that epigenetic dysfunction, including DNA methylation and histone modification, may have an important impact on the proliferation, apoptosis, migration and invasion of cancer cells. Abnormal epigenetic modifications are detected in a variety of tumor cells (45–48). Further research results showed that epi-PCGs had more transcripts and exons than non-epi-PCGs, but the transcript length was relatively short, indicating that although epi-PCGs accounted for a relatively small proportion, it is possible that the level of transcription protein was decreased. These epi-PCG-related pathways include “bladder cancer”, “hematopoietic cell lineage” (49–51), and “JAK-STAT signaling pathway” (52–54), which are related to tumor progression, indicating that these epi-PCGs play a pivotal role in the occurrence and development of tumors.

To realize clinical application of these epi-PCGs, we established a prognostic gene signature related to epi-PCGs. Lasso regression analysis demonstrated the combination with the largest frequency of occurrence that included 8 genes, namely ETS variant 4 (ETV4), SH2B adapter protein 3 (SH2B3), Fetal and adult testis-expressed transcript protein (FATE1), G protein-coupled receptor kinase 5 (GRK5), MAL-like protein (MALL), Histamine H2 receptor (HRH2), Class-3 semaphorins (SEMA3G) and Solute carrier family 10 member 6 (SLC10A6). The role of these genes in tumors has been reported, but the current research results showed that their contradictory roles in tumors. ETV4, also known as polyomavirus enhancer activator 3 protein (Pea3), is an important member of the ETS transcription factor family. Studies have shown that ETV4 is abnormally expressed in a variety of tumors, and promotes tumor progression through stimulating tumor cell proliferation and metastasis (55–57). SH2B3 is a member of the SH2B family of adaptor proteins, playing a role in negative feedback loop that controls cell growth, development and survival signals. Activated target kinase also induces SH2B3 expression and activation through phosphorylation (58). In tumors, SH2B3 usually changes its role in tumors due to mutations. In leukemias, the enrichment of SH2B3 aberrations may indicate that the loss of SH2B3 contributes to the disease progression and increases the sensitivity of leukemias to Tyrosine kinase inhibitors (59, 60). FATE1 is a gene expressed in fetal and adult testis. In normal tissues, the expression of FATE1 is mainly restricted to the testis and adrenal glands (61), and its expression is up-regulated in a variety of cancers. GRK5 affects the migration of non-small cell lung cancer cells through vinculin (62), moreover, it shows a high expression in breast cancer cells, promotes breast cancer cell metastasis, and is therefore a target for breast cancer treatment (63). MAL-like protein has a transport function, but its molecular role is largely unclear. MALL is normally expressed in laryngeal epithelial cells, and its expression changes in the early stage of carcinogenesis. The expression of MAL is significantly down-regulated (64), and it plays an important role as a binding gene of MUC1 in breast cancer (65). HRH2 is a member of the G protein-coupled receptor family widely expressed in the gastrointestinal tract, and its activity is mediated by cAMP. It has been found that the HRH2 blocker nizatidine can be used for treating advanced liver disease and liver cancer, and is a potential clinical target for liver cancer treatment (66). SEMA3 is the only group of secreted proteins in vertebrate semaphores. They are further subdivided into seven members (SEMA3A to SEMA3G). The members of the SEMA3 family have both tumor-promoting and anti-tumor functions, which are related to cell type and environment (67). SEMA3G has anti-migration and anti-invasion effects on gliomas (68), and is a prognostic gene of KIRC (69). SLC10A6 has been limitedly researched in tumors. Studies have shown that it is widely expressed in breast cancer and promotes breast cancer cell proliferation (70). These results indicated that these genes play an important role in the occurrence and development of tumors in different forms, and may also function critically in the prognosis of KIRC, but this requires further verification.

We also analyzed the RiskScore in different clinical characteristics, and found that for tumors with poor differentiation and higher malignancy (T3-4, N+, M1, and 3), the score was higher, and the prognosis of patients in the high-scoring group with different clinical characteristics was poor. Univariate and multivariate COX regression analysis results showed that RiskScore was an independent prognostic factor for KIRC. The nomogram results confirmed that RiskScore had the strongest ability in accurately predicting the prognosis of KIRC, exceeding the existing TNM and staging. For some clinical stages, the clinical application significance of the risk scoring system constructed in this study was greater. In addition, the RiskScore model was compared with the previous five assessment models. The prognosis of KIRC in the high- and low-risk samples of these five models were different, but our model had a higher AUC value in one of or some of 1-, 3- or 5- year survival predictions. This indicated that the model we developed based on differentially expressed genes combined with epigenetics can better indicate the occurrence and development of KIRC, and was a more effective model, further illustrating the clinical feasibility of our model. On the other hand, as the RiskScore changed, the pathways involved in tumor occurrence and progression were different. For example, we found that among the higher-scored pathways, the enrichment score of pathways such as P53 signaling pathway (71) increased with the increase of RiskScore, while the enrichment score of metabolic pathways such as fatty acid metabolism (72), glycolysis gluconeogenesis (73), galactose metabolism (74) decreased with the increase of RiskScore. Previous literature reports have shown that these pathways are all involved in tumor progression, but they may play different roles in different tumors, and this also requires follow-up research for verification.

Although previous research developed a series of gene signatures for kidney cancer based on epigenetic dysregulation, they focused on m6A regulators or only included limited cancer samples (17–19). Compared to the previous research, the advantage of our study was that we performed a comprehensive analysis on epigenetic dysregulation using multiple data sets. Importantly, we uncovered the relation between epigenetic dysregulation and tumor microenvironment from different aspects such as immune checkpoints, cytokines, immune cells and immune signatures. The different performance of three molecular subtypes to immune checkpoint blockade also demonstrated the important role of epigenetic dysregulation or identified epi-PCGs in tumor microenvironment modulation. The observations highlighted the potential of epi-PCGs serving as prognostic biomarkers for renal cell carcinoma. Compared with the gene signatures of KIRC in the previous studies, our 8-gene prognostic model manifested a higher AUC, which further indicated the critical role of epi-PCGs in the KIRC development and progression. Notably, we verified the expression level of the eight epi-PCGs in kidney cancer cell lines, and the results showed a consistency with the bioinformatics analysis, which further demonstrated the reliability of our analysis and the importance of the eight epi-PCGs in kidney cancer development.

However, in this study, we only analyzed the effect of differential expression of PCGs on KIRC, but did not include the abnormal expression of other non-transcriptional genes. Also, such expression difference lacked verification in vivo and in vitro. Similarly, the 8-gene signature was only preliminary screened as part of the prognostic RiskScore, but there was a lack of specific research on the role of these genes in KIRC and the detailed relationship among these genes. We will further supplement verification study in vivo. In addition, there are some contradictions between some research results in this study and previous research results, and have not yet been fully explained only according to our existing research results.

In conclusion, in this study, we systematically analyzed the abnormal expression of PCGs in KIRC, and combined with histone modifications, we screened 872 epi-PCGs and 18629 non-epi-PCGs. Based on the differentially expressed epi-PCGs-related genes, KIRC samples were divided into three subtypes, and these subtypes showed significant differences in prognosis. Based on the epi-PCGs, we constructed an 8-gene prognostic risk models that had a strong stability and predictive performance in both the training set and the validation set, and different RiskScores can fully reflect the clinical characteristics of patients. Compared with other existing models, our model had a higher predicting performance. The current findings help better understand the abnormal epigenetic regulation of PCG expression in KIRC. This model is expected to guide clinicians in the prognosis prediction and clinical diagnosis and treatment of KIRC patients with different phenotypes.
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Cancer immunotherapy is the great breakthrough in cancer treatment as it displayed prolonged progression-free survival over conventional therapies, yet, to date, in only a minority of patients. In order to broad cancer immunotherapy clinical applicability some roadblocks need to be overcome, first among all the lack of preclinical models that faithfully depict the local tumor microenvironment (TME), which is known to dramatically affect disease onset, progression and response to therapy. In this review, we provide the reader with a detailed overview of current 3D models developed to mimick the complexity and the dynamics of the TME, with a focus on understanding why the TME is a major target in anticancer therapy. We highlight the advantages and translational potentials of tumor spheroids, organoids and immune Tumor-on-a-Chip models in disease modeling and therapeutic response, while outlining pending challenges and limitations. Thinking forward, we focus on the possibility to integrate the know-hows of micro-engineers, cancer immunologists, pharmaceutical researchers and bioinformaticians to meet the needs of cancer researchers and clinicians interested in using these platforms with high fidelity for patient-tailored disease modeling and drug discovery.
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1 Introduction

Despite the impressive progress in early detection and development of increasingly efficient and tumor-targeted treatments over the past decade, cancer remains a major burden of disease worldwide and one of the leading causes of death (1). Currently, the greatest challenge in oncology is to move away from old “one-size-fits-all” treatments, which, in the majority of cases, work well only for a few patients, toward novel personalized “one dose-one patient” therapeutic approaches (2).

Tumor heterogeneity, within and across cancers, often represents the most significant roadblock in the implementation of effective patient-specific therapies (3–5). Of note, clinical diagnoses are mainly based on tumor biopsies which do not really capture the extensive intratumoral heterogeneity but may hide newly emerging, highly aggressive, tumor clones. Moreover, patients with the same cancer subtypes often present different tumor phenotypes that dynamically evolve during disease progression and clinical treatment, and lead to the most disparate therapeutic responses, including natural and acquired therapeutic resistance (6, 7). It is now well established that tumors are not simple masses of neoplastic cells, but rather heterogeneous collections of infiltrating or resident host non-neoplastic cells [mainly T and B lymphocytes, natural killer (NK) cells, dendritic cells (DCs), monocytes, endothelial cells, perycites, cancer-associated fibroblasts (CAFs), mesenchymal stromal cells and adipocytes], niche-relevant soluble factors (i.e., cytokines, growth factors, metabolites, enzymes, miRNAs) and altered extracellular matrix (ECM) that actively interact with one other and constitute the tumor microenvironment (TME) (8). Increasing evidence highlights that this evolving and reciprocal interplay between cancer cells and TME players is a disease-defining factor as it governs cancer initiation, metastasis and drug resistance and thus represents a promising therapeutic target (9, 10).

In light of this, the chance to achieve the designing of successful personalized anticancer strategies, characterized by more durable and side effect-limited (or even better free) responses, will depend on the ability to accurately model cancer heterogeneity and TME interactions (11). If on the one hand two dimensional (2D) cultures, xenografts and syngeneic mouse models have made the history in cancer research, on the other hand, to date scientists are addressing their focus more and more on three dimensional (3D) in vitro systems which can preserve tumor proper genetic, proteomic, morphological and pharmacotypic features while offering the unprecedented possibility to deeply dissect tumor-stroma dynamics.

In this review we present an overview of cancer model (r)evolution over the years (Figure 1) for studying the biological implications of the TME on cancer progression and response to therapy. We critically discuss the opportunities of state-of-the-art in vitro 3D cell culture strategies, with an emphasis on cancer spheroids, organoids and Tumor-on-a-Chip (ToC) models, for the development of microphysiological platforms recreating human cancers growing within living organs. In addition, we point out the current limitations and challenges that such novel culture systems should overcome to fully establish, validate and exploit the fidelity of 3D models for cancer research and clinic.




Figure 1 | Timeline of milestones in the development of 3D cancer models.






2 Chronicles of conventional cancer models in preclinical research

For many years, in vitro 2D cell cultures and in vivo xenografts or genetically engineered animal models have been the gold standards in cancer research. Nevertheless, these “conventional” models lack the ability to sustain the complex genetic and phenotypic heterogeneity of the respective human patient-derived tumor samples as well as to model the disease pathogenesis while simultaneously facilitating comprehensive cellular and environmental manipulation (11). Given their wide availability, reproducibility, high-throughput and the overall low cost, 2D monolayer cultures of immortalized cell lines have been widely employed as initial screening models to elucidate the mechanisms of cancer biology and to identify the efficacy and safety of several drug candidates (12, 13). However, a large body of evidence indicates that these systems still present several drawbacks. First, isolation and culture maintenance of cancer cell lines from patient biopsies may be tricky and unproductive. Second, once cultured, these cells adhere, spread, and grow on a flat synthetic surface, do not conserve the original morphology and polarization, and therefore can potentially lose crucial cellular signaling pathways or change their responses to external stimuli (14–16). Third, cells in 2D cultures commonly undergo to extensive clonal selection thus resulting in the establishment of derived cell lines which no longer recapitulate the genetic heterogeneity of parental tumors. Finally, in vitro cancer cell lines are rarely flanked by a patient-matched 2D normal tissue counterpart and, most importantly, they do not provide significant information about the intricate network of dynamic interactions within the 3D TME of living patient’s tumors, which instead can dramatically affect the efficacy of cancer therapies (17–19). In an attempt to partially simulate the complex in vivo cell-cell communications occurring in the TME, 2D co-cultures of cancer cell lines and different types of exogenous and heterogeneous cells [such as peripheral blood mononuclear cells (PBMCs) or CAFs] have been set up (20). In this regard, transwell cell cultures have been exploited to assess the capability of cells to migrate toward a particular chemo-attractant and additionally to test the ability of cancer cells to invade and bypass the ECM and to extravasate by pre-coating the top of the membrane insert with thin layers of ECM gels (such as collagen or Matrigel™) and endothelial cells (21). Anyway, despite somewhat more complex, such 2D reconstituted systems failed to faithfully model primitive intrinsic tumor stroma and its 3D architecture (22, 23).

Otherwise, preclinical in vivo animal models, such as patient-derived xenografts (PDXs) and genetically engineered mouse models (GEMMs), enable unique studies that intrinsically contemplate 3D tumor tissue organization and therefore offer system-level analysis of tumor onset, progression and treatment response (24, 25).

Due to their ability to retain morphologies, architectures and molecular signatures very close to those of the original tumors, PDX mouse models provide promising platforms for personalized cancer medicine (26). Hence, they have been increasingly utilized in both basic and preclinical cancer research as potential tools for biomarker detection, drug screening, drug-resistance mechanism investigation and novel therapy development (27–30). PDXs are generated by transplanting subcutaneously or orthotopically freshly derived patient material into immunodeficient mice. Even though subcutaneous transplantation models allow for easier cell transfer and precise monitoring of tumor formation and growth, orthotopic PDX mouse models better mimic the biological characteristics of the donor tumor in terms of phenotype - cancer heterogeneity and behavior - metastatic potential (31–34). Nevertheless, some important and unavoidable limitations have restricted PDX application in precision cancer therapy. Since they rely on immunocompromised/immunodeficient mice that lack the adaptive immune system, PDX mouse models do not fully recapitulate the surrounding tumor stroma and thus constitute inappropriate tools for the screening and the functional analysis of new immunotherapeutic agents (35). Furthermore, the progressive replacement of human stromal cells with recipient mouse cells may affect drug response predictions (36). In the last years, new humanized PDX mouse models have been generated by engrafting patient-derived tumors into immunodeficient mice bearing CD34+ human hematopoietic stem cells or PBMCs, but cost, time, throughput, and complete immune compatibility, remain unmet challenges (37, 38). Undoubtedly, the main weakness of PDX models is the inability to graft all tumor subtypes. For instance, hormone-sensitive breast cancer has a lower rate of engraftment than triple-negative tumors (39) and, more generally, non-metastatic tumors fail to stably engraft and grow in mice (32, 40). Finally, PDX models suffer from clonal selection pressure upon human tumor tissue engraftment and propagation leading to genetic and phenotypic divergence from the parental tumor (41, 42).

By contrast, GEMMs develop de novo tumors in an immunoproficient microenvironment thus enabling the investigation of the native interactions between cancer cells and the surrounding TME and representing valuable tools for testing the potential of cancer immunotherapies (43). Additionally, tumors arising in next-generation GEMMs closely mimic the histopathological and molecular features of their human counterparts, display genetic heterogeneity, and are able to spontaneously progress toward metastatic disease (44, 45). Although GEMMs have been successfully used in preclinical research (as reviewed in (46)) to validate candidate cancer genes and drug targets, assess therapy efficacy, dissect the impact of the TME, and evaluate mechanisms of drug resistance, there are still some aspects that need to be improved. In particular, their overall genetic manipulation is relatively limited and the introduction of novel (non)-germline mutations is a laborious and slow process (24).

On the whole, the development and validation of PDX and GEMM models is expensive, time- and resource-consuming, relatively low-throughput and subject to increasing ethical pressure for replacement solutions according to the 3Rs’ principle in animal experimentation (47). As a result of these limitations, even preclinical in vivo models generally have a dramatic poor performance (~3%) in terms of predicting the clinical success of next-generation anticancer therapies (48).




3 3D models: Bridging the gap between cell cultures and live tissues

The need to reduce drug failure in clinical trials has encouraged researchers to deploy more sophisticated in vitro surrogate systems which can recreate human organs and diseases in the laboratory bench. In recent years, 3D cell models have gained even more attention in cancer research for their ability to closely replicate several hallmarks of in vivo tumors. Indeed, unlike 2D cell cultures, such systems provide a more realistic insight of tumor-tissue architecture, multicellular complexity and dynamic interplay between cancer cells and TME thus holding the great promise for many applications in tissue engineering, drug development, and precision medicine (49, 50). In the following sections, we will explore, in order of biological and technological complexity, the characteristics and potential applications of the most cutting edge 3D systems (Figure 2).




Figure 2 | Schematic representation of spheroid, organoid and Tumor-on-a-Chip cell culture strategies for tumor microenvironment mimicking. (A) Downstream applications of state-of-the-art 3D models according to their accessibility and biological fidelity. (B) Benefits (+) and drawbacks (-) of 3D in vitro models. CAF, cancer-associated fibroblast; DC, dendritic cell; ECM, extracellular matrix; NK, natural killer; MDSC, myeloid-derived suppressor cell; Treg, regulatory T cell.





3.1 Tumor spheroids

Spheroids are one of the best established 3D culture methods for the study of tumor biology (51, 52). As extensively reviewed in (53), spheroids are microsized aggregates of closely-packed cells which accurately recapitulate some important features of solid tumors including internal structure, cellular heterogeneity, cell signaling pathways, ECM deposition, cell-to-cell and cell-to-ECM interactions, growth kinetics, gene expression and drug resistance. These unique characteristics highlight the potential of spheroids to be used as suitable in vitro tools for high-throughput screening of anticancer therapeutics (54–56).

Depending on cellular source and preparation protocols, spheroids can be distinguished into four major types, namely: (i) multicellular tumor spheroids (MCTSs) assembled using primary cell or cell line suspensions, (ii) tumorospheres obtained from solid tumor dissociation, (iii) tissue-derived tumorospheres generated from tissue remodeling after partial enzymatic or mechanical dissociation and (iv) organotypic multicellular spheroids consisting of cut and minced tumor fragment cultures obtained without dissociation (57). Of these, MCTSs are the best characterized spheroid models and have been widely used to reproduce different solid tumors, such as breast (58), cervical (59), colon (60), lung (61), pancreas (62), and prostate cancer (63), among the others. Currently, multiple techniques, requiring or not the incorporation of an exogenous scaffold, are available for MCTS production (64). In the most commonly employed scaffold-free methods, cells are cultured in conditions that force to strong cell-to-cell interactions and ultimately support cancer cell aggregation and ECM deposition. Several anchorage-independent methodologies have been developed, including the noteworthy hanging drop and liquid overlay protocols, followed by agitation-based, microencapsulation, and magnetic levitation systems (reviewed in detail in (65–67)). By contrast, scaffold-based approaches enable cells to grow dispersed on hydrogels that mimic ECM architecture or anchored to acellular matrices, which may be comprised by natural (e.g., alginate, chitosan, dextran, hyaluronic acid), synthetic (e.g., poly lactic-co-glycolic acid, polycaprolactone, polyvinyl alcohol and polyethylene glycol) biomaterials or decellularized natural ECM (e.g., Matrigel™, collagen, fibrin, gelatin) (50, 68–70). More recently, advances in bioengineering techniques have emphasized the role of microfluidics and 3D bio-printing for the development of more complex tumor spheroids with well-defined architecture, composition and high reproducibility which can model various cancer types and stages (71–74). Intriguingly, such Spheroid-on-a-Chip technologies have been proposed as preclinical platforms to investigate tumor angiogenesis, metastatic potential and chemotherapy response in glioblastoma, breast adenocarcinoma and ovarian cancer (73, 75, 76), as detailed below.

MCTCs have the ability to mimic to a great extent the TME thus offering a good representation of oxygen, nutrient, and other soluble factor diffusion and exchange (77). Indeed, if cells grown in monolayer cultures are uniformly exposed to nutrients and oxygen, cancer cells cultured as spheroids instead experience physiochemical gradients similar to those observed in micrometastases and avascular tumors (77). Moving toward the center of the spheroid, oxygen nutrient and pH levels decrease, whereas the amounts of carbon dioxide, lactate and waste products increase. Owing to the limited diffusion of nutrients and oxygen, larger spheroids (>500 µM in diameter) display an internal structure consisting of different cell layers: an inner anoxic and acidic core containing necrotic cells, a middle hypoxic zone of quiescent/senescent cells and an outer layer of highly proliferating cells (55, 78–80). Such heterogeneous multilayered organization is reported to be the key factor behind the use of spheroids as preclinical models to evaluate the therapeutic efficacy of anticancer treatments, including chemotherapy, radiation therapy, and immunotherapy (81–84).

The hypoxic environment found in the core of the spheroids is detrimental for all those drugs known to induce DNA and membrane damage via production of reactive oxygen species (e.g., 5-fluorouracil, cisplatin, doxorubicin, and irinotecan) (77, 85, 86). Accordingly, Doublier and co-workers observed that in estrogen receptor-positive MCF7 breast cancer spheroids activation of hypoxia-inducible factor 1 together with an increase of P-glycoprotein expression were responsible for doxorubicin resistance (87). Similarly, Kim and colleagues showed that U251 glioma and U87 astrocytoma cells, grown as spheroids under hypoxia conditions, exhibited increased apoptosis resistance upon exposure to doxorubicin and the caspase-3 activating molecule resveratrol, as compared to monolayer cell cultures (88). Additionally, senescent and necrotic cells that reside in MCTS’ inner zones were shown to be more resistant to antiproliferative compounds (e.g., carboplatin, cisplatin, doxorubicin, oxaliplatin, methotrexate, and paclitaxel) than rapidly dividing cells (89, 90). In this regard, different breast cancer cell lines (i.e., BT-549, BT-474, and T-47D) exhibited greater resistance to doxorubicin and paclitaxel associated with higher levels of hypoxia, increased percentages of G0-dormant cell subpopulation and lower expression of cleaved-PARP and caspase-3, when cultivated as 3D MCTSs. Moreover, the peculiar acidic pH of the spheroid core can induce changes in the net charge of some chemotherapeutics (e.g., melphalan, methotrexate, mitoxantrone and vinca alkaloids) thus negatively affecting their intracellular uptake (91–93).

Importantly, the deposition of ECM proteins and the close ECM-cells and cell-cell physical interactions are known to increase spheroid density, leading to a higher interstitial fluid pressure which is responsible for the impaired penetration of anticancer drugs (94, 95). Therefore, compact and larger MCTCs are often more resistant to both chemotherapy and radiotherapy than loosely aggregated cells (96, 97). Of note, due to their structural similarities with in vivo solid tumors, MCTCs may also be used to improve the predictive value of nanomedicine screening and their physicochemical properties, by modeling the selective penetration, accumulation, retention, and distribution of drug-loaded nanocarriers within the tumor mass (98, 99).

MCTCs can be constituted exclusively of cancer cells (homotypic spheroids) or of cancer cells co-cultured with other cell types (heterotypic spheroids) such as fibroblasts, endothelial cells or immune cells (53, 58). Such heterotypic MCTCs are shown to be extremely helpful for studying tumor-immune system interactions and testing immunotherapeutic agents. Intriguingly, Coureau et al. recently exploited in vitro heterotypic co-cultures of human colorectal cancer MCTSs with immune cells to assess the infiltration, activation and function of T and NK cells. They showed that allogeneic T and NK cells infiltrated cell line-derived spheroids, inducing immune-mediated cancer cell killing and 3D structure destruction via the engagement of the activating receptor NKG2D (100) while cancer cells tried to evade immune recognition by upregulating HLA-E, ligand of the inhibitory receptor NKG2A expressed by CD8 T and NK cells. The simultaneous antibody targeting of both NKG2D ligands on cancer cells, in order to elicit an antitumor antibody-dependent cellular cytotoxicity (ADCC), and of the inhibitory receptor NKG2A on immune cells, highlighted an increased immune cell infiltration as well as a greater antitumor response (100). Ultimately, the authors confirmed these results in autologous co-cultures of colorectal cancer patient-derived spheroids and tumor-infiltrating lymphocytes (TILs) to generate a clinically relevant functional assay to the study of immunotherapies (100). A heterotypic colon carcinoma spheroid model was also used to evaluate the anticancer immune response of allogeneic Vδ2 γδ T lymphocytes triggered by zoledronate or cetuximab (101). Furthermore, gastric and ovarian MTCS models have been exploited to test the therapeutic efficacy of chimeric antigen receptor (CAR) T cells targeting the mesothelin antigen (102), whose preclinical and clinical testing in combination with immune checkpoint blockade (ICB)-based therapy has been extensively discussed in (103–105). Of interest, Dordick’s group have recently developed a high throughput 3D tumor spheroid microarray consisting of a 330 micropillar-microwell sandwich platform where NK cells are co-cultured with pancreatic (MiaPaCa-2) or breast cancer cell lines (MCF-7 and MDA-MB-231) to faithfully recapitulate the hypoxic TME and investigate NK-cell mediated cell cytotoxicity in combination with the two monoclonal antibodies Trastuzumab and Atezolizumab (106).

Overall, these models are limited by the absence of stromal cells, which are usually present in the TME and are critical to the establishment of a chemoresistant cancer cell niche (107). Driven by the enticing possibility of improving cellular heterogeneity in MCTS cultures, Jeong et al. established a more clinically relevant colorectal cancer model by combining 3D co-culture with microfluidic technology. Specifically, tumor spheroids were grown within a collagen matrix-incorporated microfluidic chip and co-cultivated with CAFs in a microscale distance away, allowing mutual microenvironmental interactions culminating in CAF activation, as demonstrated by the increase of α-smooth muscle actin (α-SMA) expression and migratory activity, as well as the induction of resistance to the chemotherapeutic paclitaxel (108).

To further complicate the system, a scaffold-free MCTS consisting of a triple co-culture of pancreatic cancer cells (PANC-1), fibroblasts (MRC-5) and endothelial cells (HUVEC) was assembled to closely mimic the in vivo influence of the surrounding TME on cancer cell therapeutic resistance (109). Remarkably, a heterotypic spheroid model composed of tumor cells, fibroblasts, and immune cells was developed to assess the efficacy of novel cancer immunotherapy agents [i.e., IL-2 variant and tumor- or fibroblast-targeted T cell bispecific antibody] both as monotherapy and in combination (110). To better understand the role of macrophages in the TME using spheroids, Rebelo et al., developed a 3D culture model based on alginate microencapsulation and stirred culture strategies which enclosed tumor cell spheroids of non-small cell lung carcinoma (NSCLC), CAFs and monocytes. In such a way, they successfully recreated an immunosuppressive TME enriched in cytokines/chemokines (IL-4, IL-10, IL-13, CCL24, CXCL1), ECM elements (collagen type I, IV and fibronectin) and metalloproteases (MMP1/9), supporting cell migration and monocyte polarization toward an M2-like macrophage phenotype (109, 111). Similarly, Kuen et al., established pancreatic cancer spheroids consisting of different cancer cell lines (PaTu-8902, BxPc3, HPAC, and MiaCaPa-2) and MRC-5 fibroblasts, which then incubated with peripheral blood-derived monocytes. Such monocytes were able to penetrate into the spheroids, reflecting the in vivo tumor infiltration, and differentiated into M2-like macrophages (112).

Despite their huge potential, several issues still exist which hinder the application of MCTSs as high-fidelity preclinical cancer models. The main challenges concern the lack of standard protocols and methods to establish spheroids of uniform size and shape. In addition, some techniques are associated with low-throughput and difficulty in retrieving cells for readout analysis. Indeed, if on the one hand homotypic MCTS models provide a too simplistic tissue representation, on the other hand they are more suitable for high-throughput screenings. Conversely, heterotypic MCTSs strengthen the in vitro representation of TME but requires a mindful optimization of the cellular composition in terms of cell ratios and cell media components, consequently affecting the throughput (113). Furthermore, spheroids do not reproduce the complexity observed in the 3D tissue architecture of living organs nor incorporate mechanical forces (such as fluid shear stress, hydrostatic pressure and tissue deformation) that can significantly influence cancer cell behavior (114). Although nowadays a plethora of techniques are commonly employed to perform phenotypic and genetic analysis of tumor spheroids, such experimental procedures conceal several drawbacks. For instance, standard biochemical assays to evaluate viability and cytotoxicity (such as the acid phosphatase activity, the MTT, the Trypan Blue exclusion, and the lactate dehydrogenase assay) were found to be inefficient in 3D spheroids, usually due to the incomplete probe penetration and limited sensitivity (115–118). Optical, phase contrast, confocal, fluorescence and electron microscopic techniques are reported to be particularly valuable for characterizing spheroid size, morphology and internal organization (119–121). However, 3D model imaging is generally affected by poor light penetration, light scattering by cells, and high background (117, 118, 122). Flow cytometry and western blotting application on 3D structures can also be challenging. Indeed, both the techniques require spheroid enzymatic dissociation into single cell suspensions which inevitably leads to the loss of important information on marker spatial distribution (123–125).

To date, considerable efforts are being made to improve large-scale production of spheroids under highly reproducible conditions and to further adapt quantitative analysis and imaging techniques to such 3D models, in order to extract significant biological data and allow for high-throughput screening of anticancer drugs.




3.2 Tumor organoids

Organoids originally arise as 3D in vitro stem cell derived cultures that recapitulate the cellular variety, architectural organization and function of their in vivo normal tissue counterparts and have the ability to self-organize and self-renew (126–128). Since their discovery, organoids represented an ideal model for studying organ development (129) and host-pathogen interactions (130) by bridging the gap between in vivo animal models and in vitro 2D cell culture systems. The first attempts of generating organ-specific models in vitro date back to the early 2000’s, when Sasai and colleagues demonstrated that embryonic stem cells could differentiate and self-assemble into 3D apico-basally polarized cerebral cortical tissues (131). Shortly after, Sato et al. established gut organoids from single mouse adult intestinal stem cells in specific culture conditions mimicking the in vivo stem cell niche and favoring the dynamic proliferation and differentiation of the intestinal crypt epithelium (132). This seminal work paved the way to grow other organotypic cultures of multiple mouse and human epithelial tissues, including colon (133), pancreas (134), liver (135), prostate (136–138), stomach (139), lung (140), endometrium (141), fallopian tubes (142), taste buds (143), salivary and mammary glands (144, 145), retina (131) and brain (131, 146).

Over the years, organoid technology promptly adapted to tumor biology providing a novel low-cost approach for cancer modeling and therapy development. Since they usually derive from one or few cells, and follow the different stages of cancer development, tumor organoids preserve key histopathological, genetic and phenotypic features of the parent tumor and retain cancer cell heterogeneity to a greater extent (126, 127, 147). Therefore organoids emerge as promising research tools to improve translational research and may have a potential relevance in clinical decision making (148).

To date, cancer organoids may be generated by multiple strategies. On the one hand genetic engineering of organoids from wild-type tissues or induced pluripotent stem cells provides a unique opportunity for determining the mechanisms of cancer initiation and progression in specific organs, the tumor niche factor requirements and the mutation pattern-related cellular response to anticancer therapies (149–151). Starting from available healthy human tissue-derived organoids, different reports exploited CRISPR-Cas9 genome editing to introduce combinations of common driver mutations and model the multi-hit oncogenic transformation in colorectal (151–153), brain (154), gastric (155), pancreatic (156) and breast (157) cancer. Of note, numerous studies have focused on genetically engineered colorectal cancer organoids carrying oncogenic mutations in Wnt, EGFR, TP53 and TGFβ/BMP signaling pathways to gain deeper insights into the metastatic dissemination program. Surprisingly, although such organoids efficiently grew in vivo as invasive tumors, only when transplanted into their orthotopic environment, they were able to develop primary tumors that spontaneously formed distant liver and lung metastases as result of progressive loss of stem cell-niche dependency (158, 159). Organoids were also used to investigate the contribution of cancer stem cells (CSCs) to colorectal cancer clinical progression. Intriguingly, two seminal works from de Sauvage and from Sato teams, demonstrated how the selective CSC depletion restricted primary tumor growth but did not result in tumor regression, owing to the extensive cellular plasticity of human colorectal cancer cells. Indeed, proliferative differentiated cancer cells constantly attempt to replenish the CSC state leading to rapid tumor recurrence upon treatment cessation (160, 161). Remarkably, tumor organoids have also been derived from transgenic mouse strains to study the effects of a particular oncogenic mutation in the context of a specific genetic background. In this regard, Kuo and colleagues demonstrated that TGFβ receptor 2 was implicated in metastatic gastric cancer (162), whereas Fearon’s group showed that the transcription factor CDX2 and BRAFV600E mutations cooperated to promote serrated colorectal cancer development (163).

Given the ability of genome-editing technologies to repair disease-causing genes, as previously demonstrated for the mutated dysfunctional CFTR allele in intestinal stem cell organoids of cystic fibrosis patients (164), genetic engineered cancer organoids are now revolutionarily investigated to test the possibility of reverting particular oncogenic mutations and the so leaded tumorigenic phenotype. Although cancer is genetically much more complex, with tumors typically harboring hundreds of mutations, it was shown that restoration of APC expression recovers crypt homeostasis in a colorectal cancer mouse model and derived organoids (165).

On the other hand, a large body of evidence has provided a proof-of-concept for generating patient-derived organoids (PDOs) which have shown relevant phenotypic and genetic resemblances with their original tumor specimens (166–168) and a tremendous potential in personalized cancer therapy (169). Unlike conventional cancer models, PDOs can be robustly propagated from a small sample size derived from solid/liquid biopsies or surgical resections of primary tumors (167), circulating cancer cells (170) and metastatic lesions (168, 171).

Since the establishment of the first colon adenocarcinoma PDO by Sato et al. (133), long-term tumor organoid cultures were successfully generated from a wide range of other primary colon (167, 172), oesophagus (173), pancreas (174), lung (175), stomach (176), liver (177), ovarian (178), breast (145), brain (179) and prostate (170, 180) cancer tissues, as well as from urothelial (181) and renal carcinoma (182). Importantly, the success rate of organoid generation from these selected cancer subtypes was almost always reported to be >70% and notably higher than that for traditional cancer cell lines (~20–30%) (183). Moreover, follow-up analyses of such 3D models suggest that organoids have the ability to preserve long-term parent tumor’s biology including (epi)genetic, proteomic, morphological and pharmacotypic features. In addition, as PDOs are relatively easy to establish and cheap to maintain, they are suitable for high-throughput applications in the context of precision cancer treatments and help predict treatment responses and stratify individual patients to specific therapeutic regimens.

Therefore several “living biobanks” of PDOs capturing the histological and mutational heterogeneity of human cancers (like colon, pancreas, breast, prostate, liver, lung, stomach, ovary, kidney, bladder, and brain, among the others) have been created in recent years providing a representative collection of well-characterized models for preclinical drug screening and for predicting patient outcomes, as extensively discussed by others (147, 184). In 2015 van de Wetering et al. created the first organoid biobank from colorectal cancer patients consisting of 20 primary tumors matched with adjacent normal-tissue derived organoid cultures. By developing a robotized high-throughput drug screening, they tested 83 compounds (including standard-of-care chemotherapeutics and new targeted inhibitors) across the organoid panel and correlated drug sensitivity with cancer genomic features to identify molecular signatures and clinically relevant biomarkers associated with drug responses (167). In line with this previous report, Sato and colleagues generated a larger biobank of 55 colorectal cancer organoids derived from different histological subtypes and clinical stages, including the poorly differentiated adenocarcinoma, mucinous adenocarcinoma, and neuroendocrine carcinoma and observed a progressive decrease in niche factor requirements during adenoma-carcinoma transition, reflecting accumulation of multiple mutations (172). Interestingly, the authors underscored cancer organoids’ ability to model distinct histopathological features and genetic signatures of their parental tumor counterparts also following xenotransplantation under the kidney capsule of immunodeficient mice, suggesting that such 3D culture systems can be effectively employed to validate in vitro drug responses in a more complex in vivo environment (172). Similarly, Ooft et al. derived a collection of PDOs from metastatic colorectal cancer patients to predict responsiveness to standard-of-care chemotherapy (185). These organoids were able to predict responses of the biopsied lesion in more than 80% of patients treated with irinotecan-based therapies without misclassifying patients who would have benefited from treatment. Conversely, such predictive value was not identified for 5-fluorouracil or oxaliplatin combined treatment, probably because of the lack of the surrounding TME, which might influence the efficacy of one treatment more than the other. Additionally, to test the potential of organoids to evaluate drug responses in preclinical settings, Verissimo et al. utilized a colorectal cancer organoid panel to evaluate the effect of different RAS pathway inhibitors that are currently used in the clinic, either as single agents or in combinations. Using this strategy, the authors confirmed that the presence of mutant RAS strongly correlated with resistance to these targeted therapies. Moreover, they highlighted that combinatorial targeting of the EGFR-MEK-ERK pathway in RAS mutant organoids effectively suppressed tumor growth by inducing a transient cell-cycle arrest rather than cell death (186). Moreover, Ganesh et al., established a biorepository of 65 patient-derived rectal cancer organoid cultures from patients with primary, metastatic or recurrent disease to study individual responses following chemoradiation (187).

As pancreatic cancer is one of the most lethal malignancies with high recurrence rate and a minor survival benefit following systemic therapy, different libraries of primary pancreatic ductal adenocarcinoma PDOs were generated to determine prognosis-predictive gene expression signatures (156, 174). Notably, Tiriac et al., attempted to fully recapitulate the mutational spectrum and transcriptional subtypes of primary pancreatic cancer and hence established pancreatic cancer organoids from a comprehensive cohort of 138 patients. Detailed pharmacotyping of these organoid lines revealed genetic and transcriptomic signatures associated with anticancer drug response that could potentially correlate with patient clinical outcomes. Interestingly, by focusing their attention on 9 patients with advanced pancreatic adenocarcinoma, they obtained a retrospective clinical follow-up which perfectly matched with PDO chemosensitivity profile (174). Recently, a living biobank of more than 100 breast cancer organoids was generated from a wide variety of primary and metastatic tumors broadly recapitulating the diversity of the disease. Besides preserving the typical breast cancer morphology and histopathology, most of these organoids also retained the hormone receptor and the HER2 status of the original tumors allowing in vitro drug screens that were consistent with patient response (145).

Alongside these large biobanks, smaller PDO collections from advanced prostate and primary liver cancer were generated that helped validate that tumor organoids recapitulate molecular and genomic diversity of cancer subtypes and enable physiologically relevant drug screens (170, 177).

Kim et al. reported a method for successfully creating a living biobank of 80 lung cancer organoids that were assessed for drug sensitivity to both cytotoxic (i.e., docetaxel) and targeted agents (i.e., olaparib, erlotinib and crizotonib). According to what observed in patients, organoids exhibited a mutation-based drug sensitivity profile. Therefore, as expected, responses to olaparib (PARP inhibitor), erlotinib (EGFR tyrosine kinase inhibitor) and crizotonib (c-Met inhibitor) correlated with BRCA2, EGFR and MET mutational status, respectively (175). Moreover, Vlachogiannis et al., applied PDOs to predict the clinical outcomes of gastrointestinal cancer patients undergoing a compound library of drugs (encompassing chemotherapeutics, immunotherapeutics and targeted therapy agents) either already approved in the clinic or currently in clinical trials. By comparative analysis of the drug sensitivity of patients with metastatic gastrointestinal cancers and that of corresponding PDO models, they showed that the PDO model can accurately recapitulate patient responses in the clinic and could be implemented in personalized medicine programs to define cancer vulnerabilities while improving treatment responses (171). Two organoid platforms that capture intra- and interpatient heterogeneity were also successfully developed from multiple stages and subtypes of ovarian cancer. PDO drug screening of both chemotherapeutics (platinum/taxanes) and targeted agents (PIK3K/AKT/mTOR inhibitors or PARP inhibitors) revealed relevant differences in drug sensitivity which significantly correlated with clinical responses (188, 189).

In 2020, Calandrini et al. described the first pediatric cancer organoid biobank consisting of tumor and matching normal organoid cultures from over 50 children with different subtypes of kidney cancer, including Wilms tumors, malignant rhabdoid tumors, renal cell carcinomas, and congenital mesoblastic nephromas. By using this approach, they identified treatments with the best therapeutic ratio, considering both tumor efficacy and normal tissue toxicity (190). Yao et al. established a living organoid biobank of locally advanced rectal cancer and showed that PDOs could predict chemoradiation responses in patients (191). Yet, Lee et al., screened 50 drugs in organoid models of bladder cancer, expressing the FGF receptor, mitogen-activated protein kinase, and the mechanistic target of rapamycin inhibitors (192). More recently, Song and colleagues reported methods for generating and biobanking high-fidelity patient-derived glioblastoma organoids to test personalized therapies and model CAR T cell-based immunotherapy (179).

A less described application of organoids lies in a better understanding and prediction of treatment-related side effects, which is often observed with targeted therapy. As organoids can be generated from both healthy and tumor tissues of the same patient, they offer the possibility to screen for drugs that specifically target tumor cells while leaving normal cells unharmed thus potentially reducing toxicities in clinical trials (193).

Despite the multiple downstream therapeutic applications of tumor organoids, the lack of stromal components and of an immune-competent microenvironment may hamper the implementation of this approach in a clinical setting. Therefore significant efforts have already being made in order to incorporate aspects of the TME into the cancer organoid system and thus to decipher complex tumor immune cell crosstalks, to identify immune evasion mechanisms and to determine the effectiveness of various immunotherapeutic approaches (194).

Three main strategies have been developed to date to capture TME cell heterogeneity and heterotypic cell interactions, specifically: (i) reconstituted submerged cultures (195), (ii) holistic microfluidic 3D cultures (196), and (iii) air-liquid interface (ALI) cultures (197).

In reconstituted TME models, organoids containing exclusively cancer cells, derived from mechanically and enzymatically dissociated tissues, are cultured in ECM domes (e.g., Matrigel™ or Cultrex® Basement Membrane Extract) and submerged beneath tissue culture medium. Exact culture conditions are customized for specific tumor histologies, but often include various growth factors and/or pathway inhibitors which allow stem cells to undergo self-renewal and differentiation (e.g., in intestinal organoids) (20). To model the TME, exogenous immune cells, such as those from autologous peripheral blood or tumor bulk, are isolated and subsequently co-cultured with grown organoids. Such submerged reconstituted PDOs are suitable for modeling cancer disease and for screening drug efficacy by recapitulating not only the genetic and phenotypic diversity of original tumors, but also the functional patient responses to clinical treatment (187, 198). Several reconstitution approaches were developed by supplementing PDO cultures with CAFs. Interestingly, human ductal adenocarcinoma (PDAC) organoids co-cultured with CAFs revealed that CAF-secreted Wnt drives organoid growth in Wnt-non-producing PDAC subtypes (156). Additionally, co-culture of murine pancreatic stellate cells with PDAC organoids revealed desmoplastic stroma production and heterogeneous CAF differentiation into two distinct subtypes: IL-6-expressing inflammatory CAFs activated by paracrine secreted factors from tumor cells, and high αSMA-expressing myofibroblast-like CAFs that interact with tumor cells (199). Of note, in another study reconstituted PDOs enabled the identification of IL-1 and TGFβ as tumor-secreted ligands responsible of shaping the above-mentioned CAF heterogeneity (200). Similarly, Ebbing, van der Zalm et al. co-cultured oesophageal adenocarcinoma organoids with patient-derived CAFs and found that stromal-derived IL-6 drove epithelial-to-mesenchymal transition and therapeutic resistance (201). Diverse immune cell reconstitution of submerged Matrigel™ organoids has also been performed. By co-culturing patient-matched CAFs and peripheral blood lymphocytes (PBLs) with PDAC organoids, Tsai et al. demonstrated myofibroblast-like CAF activation and tumor organoid lymphocyte infiltration (202). A noteworthy study reported a more complex setup involving a triple co-culture of mouse gastric tumor organoids, DCs and cytotoxic T lymphocytes (CTLs). In the presence of anti- PD-L1 neutralizing antibody, antigen stimulated-CTLs killed gastric tumor organoids, suggesting that the reconstitution of multiple immune cells may allow the study of tumor–immune and immune–immune cell crosstalks (203). Furthermore, reconstitution models of tumor organoids with autologous PBLs hold the potential to predict the functionality of TILs after ICB-based therapy. In a proof-of-principle study, Ramsay and colleagues co-cultured human colorectal cancer organoids with TILs and observed that exposition to anti–PD-1 antibody partially restored antitumor immunity of PD1-expressing T cells (204). Accordingly, Voest’s group generated tumor-reactive CD4+ and CD8+ T lymphocytes by co-culturing autologous PBMCs with colorectal cancer or NSCLC PDOs, in medium supplemented with IL-2, anti-CD28, and anti-PD1 (195, 205). In a clinical study with early stage colon cancer patients treated with neoadjuvant immunotherapy, Chalabi et al. used the same autologous organoid and PBMC co-culture system to potentially correlate ex vivo induced T cell reactivity to patient response. However, T cell reactivity could only be partly linked to clinical response, due to the absence of anti-CTLA4 in the co-culture system and lack of key TME constituents (206). Organoid-based immune assays have also been explored to provide a rationale for combination treatments of targeted MEK or BRAF inhibitors with multiple ICB agents (207).

Given their adaptability, tumor organoids have been applied for numerous other immunotherapeutic approaches. In this regard, Gonzalez-Exposito et al. used patient-derived colorectal cancer organoids to gain insight into treatment response to cibisatamab, a carcinoembryonic antigen (CEA)-targeting bispecific antibody (208) demonstrating that heterogeneity and plasticity of CEA expression conferred low sensitivity to such an agent. Moreover, tumor organoids may support studies in the field of adoptive cellular therapy (ACT), including the use of tumor TIL, NK, and CAR-T cell treatments. Intriguingly, Schnalzger et al. used available matching normal and tumor organoids to explore tumor antigen-specific cytotoxicity of CAR-NK cells (209).

Otherwise, holistic TME models preserve, as a cohesive unit, the intrinsic immune microenvironment of tumor specimens along with tumor cells. Of interest, spheroid-based organotypic cultures within collagen gels in 3D microfluidic culture devices have been adapted to culture murine- or patient-derived tumors (114). Briefly, tumor spheroids from syngeneic immunocompetent murine models and patient tumor specimens, such as melanoma and Merkel cell carcinoma, were mixed with collagen gels, injected into microfluidic devices and cultured for 1–2 weeks (196, 210, 211). Flow cytometric immune cell profiling showed that such organotypic cultures were able to retain cancer cells as well as autologous lymphoid and myeloid cell populations while recapitulating the in vivo therapeutic sensitivity and resistance profile to PD-1 blockade (211). In vitro culture systems are further being deployed to explore novel mechanisms, therapeutic combinations, and putative biomarkers relevant to ICB response and resistance. In another study, small-molecule screening identified CDK4/6 inhibitors as compounds enhancing T cell activation in PD-1-overexpressing Jurkat T cells. Combination of CDK4/6 inhibition and PD-1 blockade significantly induced tumor cell death in vitro in MC38 murine-derived organoids, as evidenced by tumor live/dead staining as well as by T cell-mediated tumor growth inhibition in vivo in syngeneic MC38 and CT26 mouse models (210).

More recently, ALI cultures offer a valuable and more sophisticated alternative to co-culture the original tumor epithelium en bloc with its native stromal and immune cells without any reconstitution (212). In this method tumor organoids from minced primary tissue fragments containing both tumor cells and immune components are embedded in a collagen gel within an inner transwell dish. Culture medium in an outer dish diffuses via the permeable transwell into the inner dish and the top of collagen layer is exposed to air via an ALI, allowing cells access to a sufficient oxygen supply (197). Initially, ALI organoid method was developed to culture different normal tissues, including small intestine, colon, stomach, and pancreas, which were shown to comprise both epithelial and mesenchymal components. Subsequently, this technology was extended to the establishment of PDOs from human biopsies, such as melanoma, renal cell carcinoma, and non-small cell lung cancer, as well as from murine tumors in syngeneic immunocompetent mice (197). ALI PDOs preserve not only the genetic alterations of the original tumor, but also the complex cellular composition and architecture of the TME. Indeed, both tumor parenchyma and stroma are retained, including fibroblasts and a variety of endogenous infiltrating immune cell populations, such as TAMs, T cells [T helper (Th), cytotoxic (Tc), regulatory (Treg), and exhausted (Tex)], NK cells, and B cells (197).

Strikingly, the ALI PDOs could preserve the T cell receptor (TCR) heterogeneity found in the original tumor and model immune checkpoint-dependent mechanisms of immune suppression (197). Indeed, ALI organoids grown from mouse tumors inoculated into syngeneic immunocompetent mice (i.e., B16-SIY, MC38, and A20) and from diverse human cancer biopsies, (such as NSCLC, melanoma, and renal cell carcinoma) exhibited antigen-specific clonal CD8+ T cell expansion, activation and subsequent tumor killing in response to anti-PD-1/PD-L1 antibodies (213).

As extensively discussed, tumor organoids have undoubtedly emerged as physiological relevant in vitro models to study cancer biology. However, to realize their full potential, key challenges need to be addressed. First, the use of non-standardized and ill-defined culture protocols across cancer organoid studies (i.e., cancer tissue source, medium formulations, animal-derived 3D matrices) introduces a huge technical variability that leads to a misrepresentation of cancer’s intrinsic biological heterogeneity which may potentially affect drug development and biomarker discovery (214). Second, for several cancer subtypes the efficiency of organoid derivation is extremely low and to date only few studies were able to adapt the organoid approach for non-epithelial cancers (11, 127). Third, established organoid cultures often include only cancer cells and do not support long-term co-culture of other TME cell types (212). In the future, the development of next-generation tumor organoids will require a meticulous patient-specific understanding of the in vivo tumor niche in order to identify the necessary medium components to maintain non-neoplastic cells in culture and favor heterotypic interactions. Last, but not the least, organoids are significantly high time- and resource-consuming and in order to become highly relevant model for translational applications they require optimization of high-throughput and high-content functional readout analyses, as already described for spheroids.




3.3 Tumor-on-a-Chip models

Organ-on-a-Chip (OoC)-technology is a rapidly evolving, highly innovative, and promising tool that allows in vitro microscale biomimetics of human organs. By flanking and integrating cell biology with microengineering and microfluidics, OoCs model physiological and pathological tissue microenvironments thus breaking conventional in vitro and in vivo impasses (215). Specifically, OoCs are multichannel microfluidic cell-culture devices hosting multiple cell types organized in a 3D tissue, and even organ, structure in order to model with high fidelity, and to control with high precision, key structural and functional units including, but not limited to, vasculature-like perfusion, heterotypic cellular interactions, flows of chemical gradients and mechanical forces (216–219). These features make OoCs accurate human-relevant models critical to address questions that conventional cell culture and animal models do not (220, 221). Indeed, conventional in vitro models are not complex enough to recapitulate tissue/organ pathophysiology, and animal models do not faithfully mimic human disease and natural and therapy-induced response (218). Since their first introduction in basic research in the early 2000s (222–224), OoCs rapidly became a valuable asset to model and dissect a wide range of pathologies across all human organs (225–231) as well as to screen and test various therapeutics (232, 233). For the sake of completeness, as the OoC field is constantly evolving, new devices with improved functionality, integration, and automation are emerging that recapitulate multi-organ-, body-, and even patient-on-chip complexities at once, as exhaustively covered in (234–237). Therefore, the key advantage of OoCs is the unique possibility, they offer, to recreate a patient-tailored disease model taking into consideration the genetic make-up, sex and gender features that affect drug response (238). Of note, OoCs enable high-throughput, high-resolution, live imaging, which allows to track cell trajectories and quantify heterotypic cell interaction times at once. In addition, end point assays could be performed to interrogate recovered cell states at transcriptomic, proteomic and biochemical/metabolic levels and to analyze cell secretome on perfused cell culture media (239). All these aspects render OoC platforms perfect tools for cancer research, which led to the rise of the ToC concept (202, 240–242) (Table 1). Today we dispose of state-of-the-art ToC platforms that allow, in a less than 1-inch chip, to precisely recapitulate and timely control critical hallmarks of the TME and to integrate all tissue components while envisioning in real-time cell-to-cell interactions and co-evolutions (243, 244). In particular, immunocompetent ToC (iToCs) models are emerging as precious tools to analyze and manipulate crucial aspects affecting both cancer onset and progression as well as response to therapy (245, 246). Indeed, 2D cell culture models do not recapitulate the TME and in vivo animal models do not effectively resemble its immune contexture and the response to immunogenic and immune-based therapies (247, 248). By in vitro mimicking human immunity, advanced iToCs address these unmet challenges and help understand natural and therapy-induced evolutive pressures as well as predict the clinical efficacy and safety outcomes of tested drugs (245). In addition, by integrating TME biomimicry with vasculature-like perfusion, iToCs allow to tightly control and manipulate oxygen and nutrient supply, the release of growth factors and cytokines and the interaction with ECM components (249, 250) and to recapitulate and systematically depict the communication between cells in disease progression and metastatic dissemination in an unprecedented detail (251, 252). First generation iToCs were designed to represent study-tailored TME where cell types and positions reflect experimental needs and specific research questions. In their simplest form, iToCs have been used to study 2D cell migration and immune cell chemotaxis in response to chemokine and immune alarmin gradients (246, 253–257). Immune cell trajectories and interaction with cancer cells were real-time monitored and quantified by time-lapse microscopy and automated tracking analysis (246, 254–257). In a bit more complex system, we and others analyzed competitive immune chemoattractant forces of cancer cells with diverse immunogenicity by culturing in opposite, microchannel connected, chambers three different cell types (246, 254, 257, 258). Similar devices have been used to study cancer cell interactions with stromal and immune cells when cultured in separate chambers (259). In a seminal study, Yu and collaborators described a reconfigurable iToC allowing the spatiotemporal control of paracrine signaling between pancreatic cancer cells and TAMs (260). According to a fit-for-purpose approach, the authors assembled a ‘stackable’ multi-culture system, in which each cell component was cultured in a distinct layer, and then stacked, unstacked, and dynamically reconfigured over the course of the study in order to control the spatial and temporal interaction of these subsets. By manoeuvering the system, the authors recapitulated the in vivo observation that paracrine signaling from more aggressive prostate cancer cell variants tips the balance of TAM polarization toward an anti-inflammatory, M2-like phenotype which, in turn, promotes the formation of new blood vessels by signaling with endothelial cells (260). Similar findings were described by Guo et al. and Kim et al. in a NSCLC and triple-negative breast cancer (TNBC) model, respectively (260–262). As ECM meshwork is known to deeply condition cancer immunosurveillance and therapeutic response (263–265), more complex iToC systems including ECM scaffolds were developed that allowed researchers to create a 3D TME where testing with high fidelity the therapeutic effects of immune-based drugs (266–269). More recently, ex vivo cultures of human tumor tissues were introduced in iToCs as a representative platform to profile ICB-based therapies (211). Notably, within this setting, elaborated iToCs have been designed that are characterized by a tightly planned spatial compartmentalization allowing immune cell migration from lymphnodes to blood circulation up to the TME, with the intent to faithfully reproduce the human cancer-immunity cycle (245, 270, 271). In particular, Shim et al. established a first model of multi-compartment iToC that recapitulates lymphnode-tumor bulk crosstalks through a continuous perfusion of culture medium (272). In the effort to integrate measurements of additional chemical and physical cues (e.g., oxygen levels, cytokine and chemokine flows, ECM stiffness and remodeling, lymphatic shear stress and blood perfusion, among the others) working in the TME, in vitro iToCs have been combined with multiscale in silico modeling (273, 274). This systematic analysis offers a panoply of combined factors and dynamics molding overall tumor behavior in terms of progression and therapeutic response (273, 274). Specifically, oxygen levels in ToC models have been tuned either by the introduction of physical barriers (266), or by placing the device into an hypoxic, adjustable culture chamber (266), or by naturally generating hypoxic cores within cancer spheroids (275). Cytokine-, chemokine- and alarmin-based flow gradients can be either pre-established in dedicated device sinks (276), or naturally triggered by the addition of soluble factors (277), or cancer cell death inducers (246, 257). As ECM composition and stiffness were shown to play a role in immune cell infiltration and therapeutic response (278), cancer matrices with diverse composition, porosity and density have been used and the ability to either impede immune cell migration, or promote immune-cancer cell crosstalk have been tested (266, 279). Lymphatic and blood perfusion are crucial players within the TME as they affect immune cell homing and cancer cell diffusion to distant sites (280–282). However, conventional in vitro cancer models almost always lack vascular perfusion. In this sense, iToCs represent a significant step forward, as they inherently include vessel-like microchannels that researchers took advantage of for studying neo-angiogenesis (283), cancer cell spreading through intravasation (284) and extravasation (285), and off-target effects of anticancer treatments (286). Moving forward in complexity and fidelity, through careful study design and co-culture selection, researchers have integrated cancer spheroids and organoids in iToC models (219, 287, 288). Chemical and biological drug testing are the most promising applications of cancer organoids-on-a-Chip as this merger greatly improves the fidelity of TME in vitro reconstruction. Hence, on the one hand cancer organoids, as described above, are miniaturized tumors that follow intrinsic developmental programs, developing from self-organizing stem cells, and resembling their in vivo counterparts better than any other in vitro modeling, on the other hand microfluidic platforms are man-made constructs in which heterotypic cell components and their microenvironment are precisely controlled (288). Moving forwards, the design of multi-organoids in iToCs could open the possibility to test drugs on patients routinely excluded from clinical trials, such as children and pregnant women. However, despite the impressive advances in iToC field and the enormous potential these models offer, issues remain that need to be addressed to reach the ambitious goal to broadly apply iToCs in biomedical research (289, 290). Indeed, it is still not possible to assess some systemic drug toxicities and side effects currently studied using animal models (e.g., vomiting, diarrhea and alopecia). Integration of in silico modeling and artificial intelligence-based data analysis could maybe help in this sense and circumvent this limitation to some degree. Moreover, iToCs need to be improved in terms of throughput, adaptability and manufacturing. Indeed, (i) the high in vivo relevance of these models comes at the price of low throughput, as only a few replicates can be performed at once; (ii) the culture microenvironment needs to be adapted to the according patient-derived tumor, in a fit-for-purpose approach; and (iii) the high cost and the availability of equipment and materials to realize iToCs are a challenge to scale-up the manufacture (289–291).


Table 1 | Summary of Tumor-on-a Chip platforms.



In sum, while ToC models are still unable to fully replace animal studies, the ever growing flow of innovation in the design and development of microfluidic iToC technologies will continue to provide ripe rewards for the cancer research and will help to solve unmet challenges in both basic biology and clinical patient management, particularly in the field of immune-oncology and cancer immunotherapy, as comprehensively reviewed in (245).






Concluding remarks

The improvement and integration of cancer spheroids, organoids and iToCs into cancer research, drug development pipelines and patient care hold great potential as these models offer biologic fidelity along with experimental control as never before. Hence, 3D cancer models help recreate, in a stepwise manner, the complexity of the TME by making possible to decipher, monitor and timely maneuver the roles of individual cell players and of their reciprocal interactions on tumor progression and (immune)therapy response. Joining forces, know-hows and skills from micro-engineers, cancer immunologists, pharmaceutical researchers and bioinformaticians is anticipated to achieve the ambitious goal of overcoming the near-term challenges of these platforms in order to expand their implementation in disease modeling and drug discovery. Our vision is that, the selection of the right 3D cancer model for each experimental purpose, and the proper reconstitution and handling of the immune system, allow the development of integrated high fidelity TME representations and help to explore fundamental biology, and to tackle key issues of drug testing with critical impact on clinical management. This ultimately will help refine, reduce and replace animal studies, while helping human patients.
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Organoids are stem cell-derived, self-organizing, 3D structures. Compared to the conventional 2D cell culture method, 3D cultured organoids contain a variety of cell types that can form functional “micro-organs” and can be used to simulate the occurrence process and physiological pathological state of organ tissues more effectively. Nanomaterials (NMs) are becoming indispensable in the development of novel organoids. Understanding the application of nanomaterials in organoid construction can, therefore, provide researchers with ideas for the development of novel organoids. Here, we discuss the application status of NMs in various organoid culture systems and the research direction of NMs combined with organoids in the biomedical field.
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1 Introduction

Organoids are 3D structures grown from stem cells that consist of self-organizing organ-specific cell types shaped by cell classification and spatially constrained cell lines (1). These stem cells may be embryonic stem cells (iPSc) derived or adult stem cells (aSCs). During development, organoid formation recapitulates two primary processes of self-organization: cell classification and spatially restricted cell line typing. Human organoids reproduce developmental patterns, thereby replicating the structure and physiology of specific tissue types, making it possible to accurately study human disease and supplant animal experiments.

James Rheinwald and Howard Green first described the long-term culture of normal human epidermal cells in 1975 by combining freshly isolated keratinocytes with multi-mouse 3T3 fibroblasts and isolating keratinocytes without viable fibroblasts (2). However, this method of cell culture resembles two-dimensional plane culture. In 2009, Hans Clevers et al., successfully inoculated adult Lgr5(+) intestinal stem cells from mouse intestines in matrigel and added Wnt pathway agonist R-spondin, TGF-β inhibitor Noggin, epidermal growth factor, and other stem cell growth factors to cultivate a three-dimensional structure with crypt-like and villiform-like epithelial regions (small-intestinal organoids) (3). Accordingly, it comprised the first organoid to meet the modern definition, ushering in a “new era” in the development of organoid technology. Since then, numerous organoids have emerged, including those of the brain (4), stomach (5), colon (3), liver (6), kidney (7), heart (8), pancreas (9), prostate (10), and numerous other tissues and organs, as well as organoids of various cancerous tissues (11–13). Increased interest in tissue engineering, disease modeling, precision medicine, drug screening, and immunotherapy has resulted from the development of organoid culture (14). The rapid development of organoid technology has introduced novel concepts to the study of a variety of diseases. Using the intraductal transplant organoid (IGO) model, Tuveson et al., developed classical subtypes of pancreatic ductal adenocarcinoma (PDAC) in order to study subtype-dependent therapies that provide a deeper understanding of the genetic and epigenetic dynamics of PDAC (15). Park et al., utilized human colon organoids to evaluate the toxicity induced by SiO2 and TiO2 nanoparticles and to increase the expression of the apoptosis marker Bax/Bcl-2. This study demonstrated a difference in toxicity between 2D models and 3D organoid cultures, highlighting the significance of organoids in drug screening (16). In addition, the organ-on-a-chip, which combines microfluidics and organoid technology, enables precise regulation of the organoid microenvironment as well as precise simulation of multi tissue crosstalk with low heterogeneity (17).

As an emerging 3D physiological model, organoids possess the potential to change the methodology of research in the medical field. However, due to technical limitations, at present, various organoids still have quite a few defects (18). For example, we still cannot very precisely control organoid size, shape, proportion of cellular composition (6). More importantly, researchers cannot control the growth and function of organoids matching (19), which produce internal tissue necrosis after growing to a certain scale. The key to addressing these issues is the development of culture systems. The application of nanomaterials brings new ideas to solve these problems. Nanomaterials are a kind of materials ranging from 1-100 nm (20). Nanomaterials are materials between 1–100 nm in size (20). The use of nanomaterials has altered numerous fields, such as medicine, agriculture, manufacturing, electronic technology (21–23), and their unique optical, magnetic, and electrical properties render them irreplaceable in terms of their application potential. Accordingly, nanomaterials play an increasingly vital role in the field of biomedicine, and also significantly enhance and expand the research value of organoids (24). Mo et al. developed electro spun nanofibers prepared based on P (LLA-CL) copolymer and cultured smooth muscle cell (SMCs) and endothelial cells (ECS) as scaffolds and showed that these cells proliferated well on the nanofibrous scaffolds (25). This study suggests that the nanoscale culture environment will have an impact on the behavior and function of cells. In addition, nanomaterials may promote angiogenic effects in culture systems (26), which is helpful for addressing the problem of imbalance in organoid growth and function. Therefore, we have sufficient reasons to conclude that the application of nanomaterials constructed culture system has a positive effect on 3D culture of organoids.

The relationship between nanomaterials and organoids has been discussed in many excellent reviews (27–31). However, no review has yet been published that focuses on how nanomaterials are extensively involved in organoid construction. Consequently, this review will focus on the application status and future prospects of nanomaterials in the field of organoids, as well as the state of the frontier research for the combined application of organoids and nanomaterials in biomedicine (Figure 1).




Figure 1 | Research directions in the development of NMs and organoids. NMs, nanomaterials; PDT, photodynamic therapy.






2 Use nanomaterials to assist in the construction of organoid 3D culture systems

The advancement of nanomaterial technology has inspired the creation of new organoids, and nanomaterials can aid in the construction of organoids in numerous ways. Organoids are created using two types of stem cells: (1) pluripotent embryonic stem cells (ES), and their synthetic induced pluripotent stem cell (iPS) counterparts, and (2) adult organ-restricted stem cells (aSCs) (32). Conventional organoid culture systems also necessitate 3D solid extracellular matrices containing laminin, collagen, and other growth factors. To encourage organoid differentiation, it is also necessary to add growth-stimulating factors. Different organoids require distinct construction steps and the addition of a growth stimulant. In addition to conventional organoids based on a 3D solid external matrix, various novel organoid-building techniques have been developed in recent years (33). For example, Wiedenmann et al., designed a microwell chip to generate defined 3D aggregates of pancreatic progenitor cells derived from human induced pluripotent stem cells (hiPSCs) and then induced their differentiation into pancreatic duct-like organoids (34). Additionally, Ferreira et al., developed saliva-secreting organoids/microglands using a novel scaffold/substrate-free culture system known as magnetic 3D suspension (M3DL), which assembles and levitates magnetized primary SG-derived cells (SGDCs) so that they can generate their own extracellular matrix (35). Thus, nanomaterials have not only been utilized in conventional methods based on a 3D solid outer matrix, but they also play a significant role in a few novel organoid culture strategies. Accordingly, this review summarizes the key role of nanomaterials in organoid construction with respect to the aforementioned factors.



2.1 The use of nanomaterials to alter the properties of the extracellular matrix

Most existing organoid 3D culture systems were developed primarily on the basis of Matrigel (33). Matrigel, a substance secreted by Engelbreth-Holm-Swarm mouse sarcoma cells (36) contains laminin, type IV collagen, and heparin sulfate proteoglycan 6,7, which promotes cell adhesion, survival, andorganoid formation (37). As a traditional organoid culture system, Matrigel seem to gradually fail to meet the needs of researchers to develop better organoids. Many kinds of hydrogel replacement materials are being used for the development of organoids (38).

Using the properties of nanomaterials, it is possible to modify certain properties of matrix gum in order to create the desired organoid model. For instance, in the study by Bao et al., carbon nanotubes (CNTs) were used to regulate extracellular matrix (ECM) viscosity and intracellular energy metabolism. In addition, CNTs reduced the hardness of the extracellular matrix by reducing elasticity and increasing viscosity. Moreover, carbon nanotubes modified the metabolic profile of intestinal organoids and increased mitochondrial activity, respiration, and nutrient absorption. These synergistic mechanisms promote the proliferation and differentiation of intestinal organoids. This hints at the possibility of CNTs as biomaterials for intestinal tissue engineering (39). Purwada et al., introduced a B-cell follicular organoid composed of nanocomposite biomaterials, on which researchers continuously provided an extracellular matrix (ECM) and intercellular signals to naïve B cells, thereby accelerating the induction of germinal center (GC) response. The silicate nanoparticles complexed with gelatin utilized in this study comprised ultrathin nanomaterials with a high level of anisotropy and functionality. These nanoparticles have great potential in regenerative medicine and drug delivery (40). Luo et al., synthesized bone-forming peptide-1 (BFP-1)-loaded mesoporous silica nanoparticles (pep@MSNs) incorporating adhesion peptides that contained arginine-glycine-aspartate (RGD) domains, which modified alginate hydrogel (RA) system (pep@MSNs-RA) to promote the activity and sequential stimulation of bone differentiation in human mesenchymal stem cells (hMSCs). This ensured enhanced hMSC survival and proliferation in adhesion peptide-modified hydrogels. After the phase of proliferation, BFP-1 then induced bone differentiation of hMSCs derived from pep@MSNs. Additionally, BFP-1was self-captured by an additional cellular peptide cross-linking network formed by receptor-bound ligands (RGDs) on the cell surface, resulting in long-term sustained bone stimulation of hMSCs. The results demonstrated that independent and sequential stimulation of the proliferation and bone differentiation stages synergistically increased hMSC survival, amplification, and osteogenesis compared to stimulation alone or simultaneously (41). Thus, nanomaterials can create new matrigel culture systems and novel organoid models.




2.2 Develop novel microwells with nanomaterials to culture organoids

Low throughput (approximately 4 organoids per square millimeter) and poor repeatability are disadvantages of conventional matrigel-based organoids. Microwells are widely used to capture single cells and are simple to fabricate, convenient to operate, and high-throughput (42).

Thus, additional optimization is required in terms of scale, morphogenetic stability, and compatibility with high-throughput phenotypic analysis. Accordingly, organoid technology based on micropores was developed (43). Shin et al., utilized a microporous array-based 3D culture system with a polycaprolactone (PCL) nanofiber bottom and a polyethylene glycol (PEG) hydrogel wall for efficient bioengineering of human salivary gland organoids that can readily generate uniformly sized 3D organoids. In comparison to Matrigel and nanofiber scaffold cultures, the results demonstrated greater efficacy. The novel aspects of this study were the engineering of nanofibers into a microporous structure and the use of human cells under non-animal and serum-free culture conditions, neither of which have been previously reported (44).

Kim et al., proposed an elliptical microporous array of nanofibers, dubbed the NOVA micropore array, with high AR and high pore density, which was not only capable of collecting cells in microwells with high cell seeding efficiency but also of producing multiple living and functional spheroids in a uniform and stable manner. Not only were human hepatocellular carcinoma (HepG2) cell spheroids cultured on the NOVA microwell array uniform in size and shape, but their viability was also enhanced. This facilitated the scalable production of a variety of living and functional spheroids and even organoids (45). Park et al., developed a process for fabricating nanofiber concave microvias (NCMs) with tunable size and shape. The use of a series of hemispherical convex electrolyte solution droplets as grounding collectors for electrospinning significantly improved the NCM’s degree of freedom in terms of size, shape, and curvature. Accordingly, researchers demonstrated the formation of spheroids from the human hepatoma cell line (HepG2) in NCM. Additionally, HepG2 cells were able to form spheroids that were homogeneous and of controlled size as a result of NCM (46). Thus, nanomaterials can be used to create novel micropores and thus generate novel organoid models, introducing a novel concept for organoid development.




2.3 Nanomaterials participate in the magnetic levitation culture of organoids

In 2010, Souza et al., reported a three-dimensional tissue culture based on cell magnetic levitation. In this study researchers injected magnetic iron oxide and gold nanoparticles into cancer cells and then magnetically suspended the cells in a liquid, thus performing cell culture (47). This is the first time that magnetic levitation technology has been utilized in the field of cell culture. In comparison to conventional culture methods, magnetic levitation culture allows for the manipulation of the geometry of cell masses and the clustering of multiple cell types in co-culture. Accordingly, Haisler et al., developed a comprehensive magnetic levitation method for 3D cell culture (48). Magnetic nanoparticle components consisting of gold nanoparticles, iron oxides, and cell adhesion peptide sequences were delivered to 2D cultured cells to make these cells magnetic, and then magnetism was used to control the cells, suspend the cells at the gas-liquid plane and generate extracellular matrix, and finally construct a 3D model. In general, magnetic levitation 3D tissue culture conforms to this culture method. Moreover, using magnetic levitation, Tseng et al., created 3D models, which were successfully used to construct adipose tissue organoids (fat globules) that preserve the heterogeneity of their constituent cell types in vitro. Correspondingly, researchers demonstrated the ability to assemble fat globules from diverse cell types, including adult stem cells (ASCs), endothelial cells, and white blood cells, which regenerate tissue. These fat globules mimicked the organogenesis of white adipose tissue (WAT) and were capable of forming vascular-like endothelial structures with lumens and monocular adipocyte differentiation. This established the foundation for high-throughput WAT culture and analysis (49).

In addition, Tseng et al., used a similar technique to create an organized three-dimensional (3D) bronchiolechial co-culture by layering cells sequentially to mimic natural tissue structures. The 3D co-culture model was assembled from four human cell types in bronchioles: endothelial cells, smooth muscle cells (SMCs), fibroblasts, and epithelial cells (EpiCs). Accordingly, this comprised the first attempt to combine these specialized cell types into an organized bronchiolechial co-culture. Magnetic levitation has been validated as a method for rapidly organizing 3D co-cultures, maintaining phenotype, and inducing extracellular matrix formation (50). Under magnetic levitation, Gaitán-Salvatella et al., were able to create 3D spheres of human fetal osteoblasts (hFOB) in their research. After 14 days of culture, the cell viability of 3D hFOB spheroids indicates that they are still viable. ALP assay, qPCR expression of Col1, ALP, and Itg-β1 molecules, and calcium deposition of alizarin red all demonstrated high levels of biological activity in 3D hFOB spheroids. In the presence of matrix deposition, SEM images allowed the morphological analysis of spheroids resembling 3D microtissues. These findings demonstrate that magnetic levitation culture can produce three-dimensionally stable osteoblast spheroids, and that the engineering application of bone tissue surgical regeneration in three-dimensional construction has a vast potential (Figure 2) (51). Bumpers et al., created for the first time nanomagnetic suspension 3D cultures of breast cancer (BC) and cancer (CRC) cells using carbon-coated cobalt magnetic nanoparticles, in which the suspended BC and CRC cells form microprotrusions. Suspension cultures have a high level of viability and persist for an extended period. In suspended 3D tumor spheres and xenografts of CRC and BC cells, the authors found that N-cadherin and epidermal growth factor receptor activity were highly expressed. Consequently, nanomagnetic levitation 3D cultures tend to form stable BC and CRC microtissues, which may be more applicable to a variety of applications in drug testing or regenerative medicine (52). Thus, in the current strategy for organoid magnetic levitation culture, nanomaterials are typically used to impart magnetic properties to cells, which are then suspended in the culture system by magnetic force, thereby enhancing the culture activity and maneuverability of cells.




Figure 2 | Application of magnetic levitation system in organoids. (A) Schematic of magnetic levitation technique. A confluent flask of hFOB cells was incubated with NanoShuttle overnight to allow for cell membrane-binding of the magnetic nanoparticles. The next day, the cells were seeded onto 96-well plate placed atop a magnetic drive of 96 neodymium magnets, the magnetic field influencing the hFOB cells to form an air-liquid interface and guide them to aggregate within hours of levitation to form the 3D Spheroid. (B) Optical micrograph of 2D tissue culture plate. (C) 3D hFOB spheroid after 3 h of magnetic levitation culture. (D) 3D hFOB spheroid after 24 h of magnetic levitation culture. (E) Fluorescence micrograph of 3D hFOB spheroid after 24 h of magnetic levitation culture. (F) Morphology of the 3D hFOB spheroid obtained by SEM with the presence of osteogenic factors incubated for 14 days under magnetic levitation system. FOB: fetal osteoblasts. Adapted with permission from (51), copyright 2021, Frontiers Media S.A.






2.4 Make bioreactors from nanomaterials and use them for organoid culture

Conventional techniques for organoid preparation are frequently reproducible and require expensive equipment. The bioreactor is a technical method that improves organoid reproducibility and homogeneity, and it can also promote organoid maturation (53). In recent years, there have also been reports of the use of nanomaterials in the construction of bioreactors for the production of novel organoids. Aalders et al., for instance, described a test method that permits the generation of functional cardiac micro-organs comprised of co-cultured cardiomyocytes and cardiac fibroblasts. Nanoparticles of hydrophobic fumed silica powder are used to encapsulate cells suspended in a drop of the medium. Nanoparticles treated with the hydrophobic chemical hexamethyldisilane (nHMDS) resulted in the formation of microbial reactors. These microenvironments were referred to as “liquid marbles” because they promoted cell coalescence and 3D aggregation. In addition, the nHMDS housing then facilitated optimal gas exchange between the liquid contained within and the surrounding environment. This microbial reactor was smaller and, therefore, suitable for higher throughput applications, making it an ideal co-culturing technique. Thus, the researchers demonstrated that the co-culture of cardiac fibroblasts and cardiomyocytes could be a valuable tool for simulating heart disease in vitro and evaluating cellular interactions to decipher disease mechanisms (54).

Brevini et al., described a protocol that permits the extraction of functional, pancreatic small organs from skin biopsies. The cells were suspended in a drop of medium and encased in hydrophobic polytetrafluoroethylene (PTFE) powder granules to create a “liquid marbles” microbial reactor that promoted cell coalescence and three-dimensional aggregation. In addition, the PTFE housing allowed for optimal gas exchange between the liquid inside and the surrounding environment. Additionally, it can reduce the size of experiments to work in smaller volumes, making it suitable for high-throughput applications (55). In these bioreactors, nanomaterials serve as encapsulation vessels, isolating the reaction system from the surrounding environment. Accordingly, new organoid culture techniques have great potential if other nanomaterial applications can be developed in bioreactors.




2.5 Nanoparticles involved in 3D bioprinting of organoids

Bioprinting is the use of computer-aided technology to pattern the printing of biological and non-living materials through designated 2D or 3D tissues in order to create bioengineered structures (56). The technology of 3D bioprinting is an extension of the technology of organoid culture. Inkjet bioprinting, extrusion bioprinting, and light-assisted bioprinting are common printing techniques (57). For instance, Urkasemsin et al., reported the use of magnetic 3D bioprinting (M3DB) to generate salivary adenoid epithelial organoids from stem cells. The neuronal network of these organoids responded to salivary nerve stimulants. This biological structure was created using a NanoShuttle-PL™ solution containing gold, iron oxide, and polyl-lysine (58). Bowser et al., utilized magnetic nanoparticles to create spinal cord spheroids in a three-dimensional hydrogel construct using magnetic bioprinting. The resulting structure exhibited local cell-cell interactions and long-distance projections that mimicked in vivo structures. Magnetic nanoparticles for spheroid formation provide batch-to-batch consistency in size and shape and reduce the need for skilled experimenters to place cultures precisely. This combined approach is a first step toward developing simple methods for integrating spheroids, hydrogel culture, and bioprinting as an alternative to more complex and costly procedures (59). In the study by Li et al., the researchers first 3D-printed a tubular composite scaffold capable of reconstructing bile duct function with real-time MRI imaging properties. Subsequently, then used ultra-small ultraparamagnetic iron oxide (USPIO) nanoparticles dispersed in gelatin methacryloyl (GelMA) as contrast agents to monitor the repair of lesion sites and degeneration of bile ducts in real-time MRI (60). In addition, bioinks combining the excellent shear-thinning properties of nanofiber cellulose (NFC) and the rapid crosslinking ability of sodium alginate were used for 3D bioprinting of human cartilage tissue and cells in the study by Markstedt et al (61).




2.6 Nanomaterials can give organoids more functions

To date, no organoids have accurately represented their corresponding human organs. The development of new nanomaterials enables the creation of organoid culture systems that resemble human organs more closely. Adding nanomaterials to organoids or developing organoids using the properties of nanomaterials can increase the functionality of organoids, paving the way for future research. Zhang et al., for instance, incorporated Ti3C2TxMXene nanomaterials into Matrix in order to regulate Matrigel’s properties and demonstrated adequate biocompatibility. Ti3C2TxMXene Matrix (MXene Matrigel) controlled the development of cochlear organoids (cochlear tissue) by promoting the formation and maturation of organoid hair cells. In addition, the regenerated hair cells in MXene Matrix exhibited superior electrophysiological properties to those of Matrigel-regenerated hair cells. MXene Matrigel promotes hair cell differentiation by enhancing the mycin (mTOR) signaling pathway, whereas mTOR signaling inhibits hair cell differentiation. MXene Matrix also promotes synaptic formation efficiency and the establishment of innervation between regenerative hair cells grown from cochlear modiolus and helical ganglion neurons (SGNs) in co-culture systems. Accordingly, this method overcomes several limitations of the Matrigel-dependent culture system and significantly accelerates the application of nanomaterials in organoid development and hearing loss research (Figure 3) (62). Additionally, electrospinning was used by Beldjilali-Labro et al., to obtain poly(ϵ-caprolactone) nanofiber sheets, which were coated or uncoated with gold nanoparticles as a potential substrate for electrical stimulation. The differentiation of C2C12 cells was then measured over a seven-day period by the expression of specific genes and the confocal microscopy analysis of the arrangement and length of myotubes. It was demonstrated that multi-scale biological constructs possessed variable mechanical properties, supported skeletal muscle at different developmental stages, and improved the parallel orientation of the muscle tube with a variation of less than 15°. These scaffolds exhibited sustained myogenic differentiation by promoting the regeneration of skeletal muscle tissue (63). Moreover, Bao et al., investigated the beneficial effect of carbon nanotubes (CNTs) with different graphene layers and surface modifications on 3D models of intestinal organoids and demonstrated that CNTs promote the growth of intestinal organoids. Carbon nanotubes modify the metabolic profile of intestinal organoids and increase mitochondrial activity, respiration, and absorption of nutrients. These mechanisms promote the proliferation and differentiation of intestinal organoids through a synergistic effect. Thus, these results indicate that CNT has the potential to be used in intestinal tissue engineering (38). The main applications mentioned in this section are summarized in Table 1.




Figure 3 | Ti3C2TxMXene-Matrigel hydrogel potentiated hair cells formation of Cochlea organoids. (A) Schematic diagram of the preparation of Ti3C2TxMXene-Matrigel. Appropriate amount of Ti3C2TxMXene solution was mixed with Matrigel, and the incorporating hydrogel was solidified at 37°C. (B) Representative TEM (bar: 200 nm) or SEM (50 μm) image of the Ti3C2TxMXene nanosheets. (C) Overview of the generation of cochlea hair cells through the differentiation of Cochlea organoids. (D) BF and green fluorescent (Atoh1-GFP) images of Cochlea-Orgs after 20 days of differentiation in the differentiationmedium. (E) Confocal images of DAPI (blue), early hair cell marker Atoh1-GFP, and phalloidin (red) (bar:100 μm). TEM, transmission electron microscope; SEM, scanning electron microscope; BF, bright field; GFP, green fluorescent protein; DAPI: 4’,6-diamidino-2-phenylindole. Adapted with permission from (62), copyright 2022, Wiley-VCH GmbH.




Table 1 | Nanomaterials applied to assist in the construction of organoid 3D culture systems.







3 The combined application of organoids and nanomaterials provides new strategies for disease research

As an emerging physiological model, organoids are applied increasingly in more and more research. Compared with traditional 2D models, organoids based on 3D culture technology and self-organization have characteristics that are closer to the original physiological morphology of organs. Organs are more suitable for research in organ development, drug research and development, and tumor treatment. In addition, organoids developed by patients’ own cells are expected to undergo autologous transplantation (64), avoiding the limitations of medical ethics. Using the patient’s own tumor cell culture organoids can provide personalized drug screening for patients, achieving precise medical treatment. Nanomaterial technology, as a rapidly changing research field, has been widely applied in various aspects of biomedicine. The chemical and physical properties of substances under nanostructures will undergo significant changes, and many therapeutic strategies have been developed. For example, the excellent optical properties of some nanomaterials have shown great application prospects in photothermal therapy (PTT) for cancer (65). The joint application between nanomaterials and organoids has also attracted the attention of researchers. Organoids can serve as models to verify the efficacy of targeted drugs based on nanomaterials and conduct drug screening; In addition, some nanoparticles can be used for live cell imaging and phenotypic analysis in organ like models; In photodynamic and photothermal therapy, researchers have developed many photosensitizers based on nanomaterials and tested them in organoids; The excellent properties of nanomaterials can also be used to develop electrochemical biosensors, which have been tested in organoid models in some studies. This article will discuss the joint application of organoids and nanomaterials in these aspects.



3.1 Drug screening

The 2D monolayer culture technique lacks a substance-signal connection within the organ; consequently, diseased cell types may lack disease-related input signals. In particular, the biological structure of organs, endogenous signaling, and cell-cell interactions may have a direct impact on the pathogenesis of disease. Therefore, 3D-cultured organoids that more closely resemble the physiological state of the human body have emerged as a model for drug testing. The majority of organoid-screenable drugs are chemotherapy drugs, small molecule-targeted drugs, and antibody drugs, among others. For instance, Zhang et al., conducted high-throughput drug screening on organoids derived from 40 patients with hepatocellular carcinoma (HCC) and determined that bortezomib (BTZ) was a highly cytotoxic small molecule against HCC. Using the flash nanocomposite/nanoprecipitation method, the researchers designed and manufactured sustained-release BTZ nanoparticles (BTZ-NP). BTZ-NP formulations demonstrated sustained BTZ release for 30 days. This BTZ-NP formulation was found to be highly effective at reducing tumor size and enhancing in vivo survival in three HCC animal models, including when administered via hepatic arteries (66). Kim et al., incorporated gold nanoparticles modified with hyaluronic acid (HA-AuNP) into a muscle bundle-based biohybrid robot that advances in response to electrical stimulation. HA-AuNP was incorporated into the fasciculus in order to increase its propulsion. Due to enhanced differentiation of HA-AuNPs and enhanced fascicular conductivity, the movement of the manufactured biohybrid robot was, therefore, enhanced. Moreover, the addition of positive and negative inotropic drugs produced dramatic motor changes in the manufactured biohybrid robot. Combining neural tissues such as motor neuron organoids and brain organoids, the proposed biohybrid robot demonstrated the potential to screen drugs for neuromuscular diseases (67). Le Joncour et al., described a protocol to obtain a hemo-cerebrospinal fluid barrier (BBTB) mimic by cultivating endothelial cells in contact with astrocytes on inserts at specific cell densities. In addition to evaluating tumor cell targeting in the same assay, this BBTB mimic can be used for quantitative and confocal imaging of nanoparticles crossing the endothelial and astrocyte barriers. In addition, the researchers demonstrated that the obtained data can be used to predict the behavior of nanoparticles in animal models used for preclinical research. This in vitro model can be adapted to other neurodegenerative diseases for determining the efficacy of new therapeutic molecules by BBBs and/or supplementation of brain organoids to assess drug efficacy directly (68).




3.2 Live cell imaging

Live-cell imaging refers to live-cell research utilizing time-lapse imaging technology; using live-cell imaging technology, the dynamic life processes involved in the target can be studied, and dynamic processes such as enzyme activity, signal transduction, protein and receptor transport, and membrane recycling process (endocytosis and exocytosis) can be detected. With the aid of live-cell imaging technology, scientists can observe the internal structure and physiological processes of cells in real-time or over time, thereby enhancing their understanding of cell operation processes. Liu et al., for instance, described in vitro luminescence methods for the detection of albumin, a marker of hepatocyte fate, and live-cell labeling with antibody (Ab) and rosean caproic acid (RBHA)-conjugated upconverted nanoparticles (UCNP). They used a “disconnect” strategy: In the presence of albumin, the transfer of energy to the quencher still inhibited the luminescence of the nanoparticles. Correspondingly, luminescence was restored following the albumin-antibody interaction under near-infrared light. UCNPs-Ab-RBHA (UCAR) nanoprobes have a broad detection range for albumin in a variety of biological samples. When applied to hepatic ductal organoid media, UCAR monitors hepatocyte differentiation in real-time by detecting secreted albumin. In addition, UCAR can image cytoalbumin in cells, organoids, and tissues in real-time. Accordingly, UCAR detected a decrease in albumin in liver tissue and serum in a CCl4-induced model of liver damage. Consequently, biocompatible nanoprobes with excellent stability and sensitivity are available for quantifying and imaging proteins in complex biological environments (Figures 4 A–C) (69). Balyasnikova et al., showed that fluorescent indocyanine lipids (ICL: DiD, DiI) formulated in polyethylene glycolated lipid nanoparticles (PLN) penetrate and accumulate efficiently in basement membrane (GBM). In vitro studies have demonstrated that PLN-formulated ICLs penetrate GBM spheroids and organoids more efficiently than liposomal ICLs. In the intracranial GBM model, more than 82% of the extravascular regions of tumors in the PLN group were fluorescence positive for ICL fluorescence 1 h after systemic injection, compared to 13% in the liposome group. In addition, PLN-formulated ICL accumulated in 95% of tumor myeloid suppressors and macrophages, 70% of tumor regulatory T cells, 50% of tumor-associated microglia, and 65% of non-immune cells 48 h after injection. Thus, the PLN-formulated ICLs were superior to pegylated liposomal doxorubicin and fluorescent dextran extravasation, and they accumulate in aggressive tumor margins and brain invaders more effectively. In contrast to liposomes, which are stable in vitro and in vivo in serum, PLN degraded prior to entering tumors, which may explain the disparity in their extravasation efficiency. These findings suggest an excellent opportunity to enhance therapeutic cargo delivery for invasive GBM (71).




Figure 4 | NMs for cell imaging and biosensor in organoids. (A) The schematic diagram of UCAR synthesis process from NaYF4:Yb3+/Er3+@NaYF4 (UCNPs). (B) The schematic illustration of albumin imaging in organoids using UCAR. (C) Ductal organoids and hepatocyte organoids were incubated with UCAR (red) for 3 h, followed by fixation and DAPI (blue) staining, and imaged by two-photon microscope under 980 nm excitation (bar: 50 μm). (D) Schematic representation of enzymatic reaction that allows detection of glutamate at the microelectrode, and graphical view showing PPD layer acting as a diffusion barrier to biomolecule species. H2O2 can reach the electrode while larger molecules are rejected. (E) Immunostaining images of hESC‐derived cortical dorsal forebrain organoids with strong expression of the glutamatergic marker, vGlut (red) and ventral forebrain organoids with expression of GABAergic neuronal marker, GAD67 (green). UCAR: upconversion nanoparticles, antibody, and rose bengal hexanoic acid; PPD, polypropylene diene monomer; hESC, human embryonic stem cell; GAD67, glutamate decarboxylase 67 kDa isoform. Adapted with permission from (69), copyright 2022, Wiley-VCH GmbH and (70), copyright 2018, Multidisciplinary Digital Publishing Institute.



Xie et al., developed a fluorescent probe for COX-2 imaging using a single-step procedure from rofecoxib. Using this novel strategy, six rofecoxib analogs were designed in total. Several analogs retained the relative COX-2-targeting activity of rofecoxib and also exhibited attractive fluorescent properties, which are studied experimentally and theoretically. Compared to Raw 264.7 cells expressing low levels of COX-2 and celecoxib-treated HeLa cells, the most potent analog 2a1, demonstrated strong COX-2 fluorescence imaging in HeLa cells overexpressing COX-2. Using brighter fluorescence in tissue sections or 3D organoids, 2a1 was able to differentiate between human cancer tissue and adjacent tissue. These findings demonstrate the potential of 2a1 as a near-infrared fluorescent COX-2 probe for clinical cancer imaging in humans (72). McCarthy et al., evaluated the ablation potential of CD44-targeted polymer nanoparticles utilizing hyaluronic acid (HA) as a targeting agent and coating it onto hybrid donor-acceptor polymer particles (HDAPPs) to form HA-HDAPPs using tumor organoid technology. In addition, only the photothermal polymer poly[4,4-bis(2-ethylhexyl)-cyclopente[2,1-b; Nanoparticles composed of 3,4-b’] was capable of producing nanoparticles composed of dithiophene-2,6-diyl-alt-2, 1,3-benzoselenodiazole-4,7-diyl] (PCPDTBSe) coated with HA to form HA-BSe NP. Monitoring nanoparticle transport in 3D organoids revealed a uniform diffusion of untargeted HDAPP compared to nanoparticle-matrix interaction-induced attenuated diffusion of HA-HDAPP. Calculating the diffusion curve suggests that HA-HDAPPs transport may be explained by diffusion alone, suggesting nanoparticle/cell-matrix interactions. In addition, photothermal activation revealed that only HA-BSe-NPs significantly reduced the viability of tumor cells in organoids. Although CD44-targeted therapy has limited transport of diagnostic nanoparticles, their targeted retention provides increased heat for enhanced photothermal ablation in 3D, thereby facilitating the evaluation of nanoparticle therapies prior to in vivo testing (73). Fang et al. designed the near-infrared small molecule fluorescent probe HD-Br with low toxicity and photostability for super-resolution imaging of lysosomes. Thus, while labeling lysosomes using the properties of the probe, lysosomal and mitochondrial interactions could be dynamically tracked. Due to the optimal near-infrared excitation and emission wavelengths of the probe, 3D imaging of liver organoids and imaging of Caenorhabditis elegans have been performed (74).




3.3 Photodynamic therapy

Photodynamic therapy (PDT) is a promising cancer treatment technology that employs a photosensitizer to irradiate a specific wavelength of light with targeted oxidative killing effects on diseased tissues to treat cancer while minimizing damage to normal tissues (75, 76). Nanomaterials have been commonly used to construct photosensitizer delivery systems and target transport to lesions; accordingly, certain nanomaterials can be used for PDT due to their exceptional fluorescence properties (77). On the contrary, organoids comprise an excellent PDT test bed. Therefore, the combined application of the two can provide researchers with the opportunity to develop new PDTs. By electroporating black phosphorus quantum dots (BPQD) into exosome carriers (EXO), Liu et al., were able to develop a photothermal agent that was highly effective. The resulting BPQDs@EXO nanospheres (BE) exhibited good biocompatibility, long cycle times, and excellent tumor targeting ability, thereby demonstrating remarkable photothermal therapy (PTT) efficiency via efficient tumor ablation in vivo (78). Li et al., described a nanoassembled structure based on black phosphorus (BP) nanosheets and composed of cisplatin, BP, polydopamine (PDA), and hyaluronic acid (HA) for controlling cisplatin delivery, referred to as CBPH. In order to create CBPH, the surface of BP was double-modified by PDA and HA, which increased the stability, tumor-targeting ability, and photothermal efficiency of BP. Cisplatin is released in response to internal and external stimuli within the tumor microenvironment. In vitro experiments demonstrated that CBPH-treated 4 T1 cells exhibited an increased intracellular content of Pt and Pt-DNA adducts, which improved upon exposure to NIR light, resulting in potent antitumor effects via a synergistic mechanism (79). According to 2D monolayer and 3D organoid studies, the combination of CBPH and NIR phototreatment significantly inhibited the migration, invasion, and regenerative capacity of 4 T1 cells. This novel BP-based nanoassembly with controlled cisplatin tumor delivery and breast cancer metastasis inhibition broadened the application of BP in biomedical fields, thus holding great potential for future advancement (79).

Iqbal et al. used titanium dioxide-adsorbed Fe(iii) to create magnetic Fe-TiO(2) nanocomposites (NC), which played a role in achieving T(1)-weighted MRI contrast enhancement and enhancing the well-known photodynamic therapeutic efficacy of TiO(2) nanoparticles. Interestingly, the proposed NC demonstrated T(1) MRI contrast agent properties comparable to those of commercially available contrast agents. Moreover, the cytotoxicity induced by NCs in conventional methods is negligible and demonstrates significant support for the proliferation of intestinal organoids. It is anticipated that this research will serve as a guide for the development of additional biocompatible magnetic titanium dioxide-based nanosystems with multifaceted properties for biomedical applications (80). Obaid et al., described a (Cet, anti-EGFR mAb) photoimmune nanoconjugate (PIN) as well as in vitro and in vivo models of stroma-rich dyspancreatic ductal adenocarcinoma (PDAC) utilizing patient-derived pancreatic cancer-associated fibroblasts (PCAFs). In dystopic connective tissue proliferative tumors, Cet-PINs effectively penetrated blood vessels up to 470 μm, and photodynamic activation resulted in parenchymal tumor necrosis, which was not observed in T47D tumors (low EGFR) or when non-targeted constructs were utilized in both tumor types. Photodynamic activation of the Cet needle in dysproliferative tumors resulted in collagen photoregulation and a 1.5-fold decrease in collagen density, indicating that PDP may also be able to inhibit connective tissue formation. In addition, the in vivo safety of photodynamically activated Cet-PINs is significantly enhanced in comparison to non-targeted constructs. This is the first study to demonstrate the actual value of NIR-activated PIN-molecule targeting. This combined PIN platform and heterologous cell model paves the way for a wider range of multiplex combination therapies to synergistically control fibroproliferative tumor progression and extend PDAC patient survival (81).




3.4 New electrochemical biosensors

In electrochemical biosensors, the sensitivity of electroanalytical methods and the inherent bioselectivity of the biological component are combined. The biological component in the sensor recognizes its analyte, leading to a catalytic or binding event that ultimately generates an electrical signal monitored by the transducer that is proportional to the analyte concentration. Nanomaterials have exceptional chemical, physical, electrocatalytic, and other properties, in addition to their unique quantum size effects and surface effects, which are anticipated to further improve the performance of electrochemical sensing. Due to their stability, speed, accuracy, and low cost, nano-electrochemical biosensors have attracted a great deal of interest in the field of biomedicine and have made significant progress (82). In recent years, there has been an abundance of nanomaterial-based electrochemical sensors designed to detect specific physiological indicators of organoids for future research. For instance, Nasr et al., have developed a method to functionalize borosilicate glass capillaries with nanostructured textures as electrochemical biosensors to detect the release of glutamate by brain organoids produced by human embryonic stem cells (hESCs) that mimic different brain regions. For the oxidation of glutamate, biosensors exhibit obvious catalytic activity. Enzyme-modified microelectrodes can detect glutamate from 5 μM to 0.5 mM over a broad linear range. At various time points, measurements were performed on organoids, and results were obtained that were consistent. These findings demonstrate the biosensor’s dependability and utility for measuring glutamate concentrations over time in a single culture system (Figures 4D, E) (70).

Li et al., describe a procedure for the creation of cardiac cyborg organoids: First, the stretchable grid nanoelectronics are laminated onto continuous stromal sheets containing human induced pluripotent stem cells (hiPSCs) or progenitor cells derived from hiPSCs; subsequently, the cell pieces are aggregated into cell-dense plates by cell-cell attraction-induced cell proliferation and migration; and finally, the stretchable grid nanoelectronics are embedded in the cell plates and folded into tightly packed structures. The subsequent folding of the 2D cell plate/nanoelectron mixture into a 3D structure with a bowl-like geometry results in organ self-organization. Organogenesis unfolds densely packed nanoelectronics and distributes their structures throughout 3D organoids. Embedded three-dimensional nanoelectronics continuously monitor the electrophysiological behavior of stem cells and progenitor cells as they continue to develop and differentiate into various types of cells (83). A cyborg human brain organoid platform with “tissue-like” stretchable mesh nanoelectronics is described by Le Floch et al. By matching the mechanical properties of brain organoids and folding through the organogenesis process of stem cells or progenitor cells, stretchable electrode arrays can be distributed on 3D organoids. The tissue-integrated, stretchable electrode array does not impede brain organoid development, adapts to changes in volume and morphology during brain organoids, and maintains stable electrical contact with neurons within brain organoids throughout development. During early brain organoids development, electrodes coupled seamlessly and non-invasively to neurons allow long-term stable, continuous recording (84).




3.5 Immunotherapeutic studies combining nanomaterials with organoids

Last but not the least, organoids offer new opportunities for tumor immunotherapy. For example, Dijkstra et al. developed tumor organoids by resecting tumor specimens from patients with colorectal cancer (CRC) or doing core needle biopsies. Subsequently, the authors co-cultured tumor organoids and the patient’s peripheral blood to construct a ‘tumor organoid peripheral blood lymphocyte’ co-cultured model and obtained a population of tumor reactive T cells. These T cell populations kill tumor organoids and do not damage healthy tissue organoids, demonstrating that the generation of tumor specific T cells can be effectively induced by co-culture tumor organoids with immune cells, providing a new strategy for tumor immunotherapy (85). However, subject to the limitations of existing organoid structures and functions, organoid based tumor immunotherapy studies often require the participation of other regulators to mimic the complex tumor immune environment. Many studies have shown that nanomaterials exhibit excellent immunomodulatory effects (86). Therefore, combining nanomaterials and organoid technology might be a feasible strategy in the field of tumor immunotherapy. Q. Yin et al. reported a nanoparticle-based approach for immune environment modulation of tumor organoids. researchers formulated nanoparticles containing immunostimulatory substances that activated endogenous T cells in patient derived tumor organoids, and finally such endogenous T cells could exert inhibitory effects on tumor organoids (87). Zhang et al., using human brain organoids and glioblastoma co-cultured model to study the modulation of glial cells by dendritic polyglycerol sulfate (dPGS), demonstrated that dPGS has the effect of reducing inflammatory markers and glioblastoma invasiveness (88). Tumor immunotherapy research strategies of nanomaterials combined with organoids have not received much attention, and as a promising research direction, future investigators may gain more discoveries from them.





4 Outlook and conclusions

This article reviews the application status of NMs in various organoid culture systems and the application direction of NMs in combination with organoids in the biomedical field. Organoids and nanomaterials are two promising technologies that could revolutionize biomedical research. They can be combined to create personalized treatments, diagnostic and therapeutic devices, and various other medical instruments. However, researchers must also consider the magnitude of nanomaterials’ toxicity to human tissues; in this regard, organoids serve as a useful model (89). The organoid model can help verify the toxicity of nanomaterials without creating any ethical issues. Numerous studies have demonstrated that not all nanomaterials are non-toxic; Yu et al., for instance, investigated the intestinal toxic effects of graphene quantum dots (GQDs). Higher doses of OH-GQD caused significant intestinal damage, as evidenced by increased intestinal permeability, villi shortening, and crypt loss. Additionally, the authors used isolated crypts to establish three-dimensional organoid cultures, and the GQD treatment significantly reduced the size of surviving intestinal organoids (90). Hou et al. provided evidence of the toxic effects of plastic nanoparticles on the human intestinal system and explored the mechanisms involved (91). Likewise, the toxicity of some nanomaterials can affect the physiological properties of organoid models. In a study of brain organoids by Huang et al., it was demonstrated that silver nanoparticles inhibited brain organoid development and promoted apoptosis (92), showing neurodevelopmental toxicity. Therefore, the toxicity factors of nanomaterials should be taken into account in the development of organoids utilizing nanomaterials.

The application of nanomaterials in the field of organoids is not yet sufficiently advanced. In the studies mentioned in this article, the roles played by nanomaterials have assisted in the construction of cell scaffolds, the delivery of substances, the culture scaffold of cells and so on. Currently, no researchers have been able to use nanomaterials to overcome the limitations of organoid development, yielding landmark breakthrough results. Two reasons may have hindered the development of nanomaterials in the field of organoids: (1) existing nanomaterials technologies have not yet allowed the development of good enough biomaterials to be adapted to the organoid culture system; (2) the physiological and developmental landscape of the organ itself is poorly studied, leading researchers to fail to uncover critical culture factors and culture environments. But either factor, researchers will need more work into nanomaterials or organoids.

In conclusion, the use of nanomaterials can assist researchers in developing organoids that serve as suitable physiological models for disease research. In addition to reducing the duration and cost of drug development, the combination of the two can promote the creation of innovative medical technologies. Accordingly, the biomedical research applications of these two technologies appear to be limitless with further research and development.
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The dense tumor stroma of pancreatic ductal adenocarcinoma (PDAC) and its secreted immune active molecules provide a barrier for chemotherapy treatment as well as for immune cell infiltration to the tumor core, providing a challenge for immunotherapeutic strategies. Consequently, the investigation of processes underlying the interaction between the tumor stroma, particularly activated pancreatic stellate cells (PSCs), and immune cells may offer new therapeutic approaches for PDAC treatment. In this study, we established a 3D PDAC model cultured under flow, consisting of an endothelial tube, PSCs and PDAC organoids. This was applied to study the role of the tumor microenvironment (TME) on immune cell recruitment and its effect on partly preventing their interaction with pancreatic cancer cells. We observed that stromal cells form a physical barrier, partly shielding the cancer cells from migrating immune cells, as well as a biochemical microenvironment, that seems to attract and influence immune cell distribution. In addition, stromal targeting by Halofuginone led to an increase in immune cell infiltration. We propose that the here developed model setups will support the understanding of the cellular interplay influencing the recruitment and distribution of immune cells, and contribute to the identification of key players in the PDAC immunosuppressive TME as well as support the discovery of new strategies to treat this immune unresponsive tumor.
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Introduction

Immunotherapy has increasingly become a treatment option for various cancer types. However, PDAC is characterized by an immunosuppressive tumor microenvironment resulting in a challenging tumor to treat with currently approved immunotherapeutic strategies (1). Unsuccessful application of immunotherapies is likely related to the stroma secreted factors, hypoxia, desmoplasia and abnormal vasculature that favor the formation of an immunosuppressive infiltrate and prevent their interaction with cancer cells (2). Pancreatic stellate cells (PSCs) are predominant in the tumor stroma and exert a relevant role in secreting chemokines, cytokines, growth factors as well as extracellular matrix (ECM) components contributing to a denser tumor tissue (3). Activated PSCs, characterized by α-SMA expression, increase immune dysfunction, these also promote EMT and cancer cell invasion (4). Stroma-derived immunosuppressive molecules include IL-10, IL-6, IL-11, CXCL12, vascular endothelial growth factor (VEGF), transforming growth factor beta (TGF-β) and matrix metalloproteinases (5).

For immune cells to reach the tumor tissue, these first need to exit a blood vessel near the tumor and infiltrate the stroma. Upon receiving signals, these reach the tumor cells, which express tumor antigens to perform their antitumor responses. Stromal cells interact with immune cells through mechanical cues, shielding immune cells from reaching the tumor site and either physically trapping the immune cells upon direct cell-cell contact or chemically upon secretion of immune mediators (6). In addition, immune cells are mainly inactivated or rarely present, suggesting that the immune system is suppressed in PDAC (5, 7). Consequently, the cells are either in paucity and do not function well or are trapped in the tumor stroma unable to reach the tumor cells (8). Activated PSCs, therefore, seem to orchestrate several processes that together promote tumor growth as well as immunosuppression in PDAC.

Murine models have often supported developments in the field of tumor immunity and responses to its targeting. However, advances in cellular and microfluidic technologies are supporting the development of in vitro systems that potentially recapitulate key aspects of in vivo biology. These systems can be applied for dissecting the contribution of specific cell types as well as their interaction that support specific shaping of the immune microenvironment in diseased tissues (9, 10). In addition, immune migration studies have previously been done in transwells, where migration is gravity driven and likely not a response of immune cells to the formation of chemoattractant gradients (11, 12). Organ-on-chip systems are an alternative that allow 3D cultivation of multiple cell types, enabling cell-cell interactions, cell-matrix interactions, and flow (13, 14).

Considering that the PDAC stroma plays a key role in shaping the immune cell infiltrate, consequently limiting immune responses, we hereby developed and characterized a PDAC-on-a-Chip model to study the role of the endothelium and the stroma in immune cell migration. We envision that this model could provide a valuable understanding on immune cell infiltration in this tumor type as well as enable the development of new therapeutic approaches.





Materials and methods




Cell culture

PDAC organoids were acquired from a tumor resection performed with curative intent at the University and Hospital Trust of Verona. Written informed consent from the donors for research use of the tissue was obtained prior to acquisition of the specimens. Tissues for the generation of models were collected under protocol number 55859, approved by the local Ethics Committee (Comitato Etico Azienda Ospedaliera Universitaria Integrata) to V.C. (Prog. 3456CESC, 27/09/21). The organoids were cultured in a 6-well plate in 10 μl Matrigel (Corning®, 356231, 8.3-10.5 mg/ml) droplets. After seeding, the plate was placed in the incubator with bottom-side up for 15 min. For culturing, hCPLT medium was used, which consists of Advanced Dulbecco’s Modified Eagles Medium with Nutrient Mixture F-12 Hams – 500ml (Gibco, #12634-028), GlutaMax – 200mM (Gibco, # 35050-061), Hepes – 1M (Gibco, # 15630-080), Primocin – 50mg/ml (Invivogen # ant-pm-2), B-27 supplement (Gibco, # 17504-044), N-Acetylcysteine (NAC) (Sigma-Aldrich, # A9165-5G), Nicotinamide (Sigma-Aldrich, # N0636), hEGF (Gibco, # PMG8043), TGFβ Receptor inhibitor A83-01 (Tocris, # 2939), FGF10 (Peprotech, # 100-26), mNoggin (Peprotech, # 250-38), R-spondin-1 conditioned medium, Wnt3a conditioned medium, Gastrin (Tocris, # 3006) and Y-27632 Dihydrochloride (Sigma, # Y0503). The cells were harvested using Cell Recovery Solution (Corning®, 354253) and placed on ice for 30 min. The organoids were spun down at 300 g for 5 min, media was removed and incubated with TrypLE Express for 3 min (Gibco, # 12605-028) in the waterbath for enzymatic disruption. The organoids solution was spun down, resuspended in ice-cold media, counted and used.

PSCs (Klon 2.2) were obtained from Marburg University (15) and cultured in DMEM medium (Gibco, 10829-018) with 1% Penicillin/Streptomycin and 10% Fetal Bovine Serum (FBS). Cells were passaged at 80% confluency using Trypsin 2.5% (ThermoFisher, 15090046).

Human Umbilical Vein Endothelial Cells (HUVEC) (Lonza, C2519AS) were cultured in Endothelial Growth Medium (EGM-2) (Lonza, CC-3156) with 1% Penicillin/Streptomycin and 2% FBS (Gibco, 16140-071). The cells were seeded immediately after thawing.

PBMCs were derived from whole blood-derived buffy coats of healthy donors provided by Sanquin. Ficoll-Paque PLUS (15 ml) was added to a 50 ml Leucosep tube and centrifuged at room temperature (RT) for 30 min at 1000 x g. The blood-derived buffy coat was diluted 1:2 with sterile PBS and 25 ml of the diluted buffy coat was added to the Leucosep tube. The tube was centrifuged at RT for 30 min at 800 x g and plasma was carefully removed by aspiration. The PBMC layer was transferred to a 50 ml conical tube and cells were subsequently washed twice with PBS and centrifuged at RT for 10 min at 300 x g. Cell density was assessed with a cell counter.

After isolation, PBMCs were frozen and thawed upon use. For isolation of immune cell types, PBMCs were thawed and different immune cells isolated with their respective kits according to manufacturer’s protocol: EasySep Human B Cell Isolation Kit (StemCell Technologies, #17954), EasySep Direct Human T Cell Isolation Kit (StemCell Technologies, #19661), EasySep Human CD4+ T Cell Isolation Kit (StemCell Technologies, #17952), EasySep Human CD8+ T Cell Isolation Kit (StemCell Technologies, #17953), EasySep Direct Human Monocyte Isolation Kit (StemCell Technologies, #19669).

All cells were cultured in a humidified incubator at 5% CO2 and 37°C, and regularly tested for mycoplasma.





OrganoPlate 3-lane

PDAC models were established in the OrganoPlate 3-lane (Mimetas, the Netherlands), a microfluidic platform, based on a 384-well plate format with 40 microfluidic chips. The OrganoPlate 3- lane consists of two perfusion lanes, and a middle lane used for ECM gel filling. Culture medium is added to the chips through the perfusion inlets and outlets. Cultures are monitored through the observation window.

In the OrganoPlate 3-lane, both Matrigel and Collagen type I (5 mg/ml, AMSbio, #3447-020-01) were used as ECMs. Collagen type I was neutralized in an 8:1:1 ratio with 1 M Hepes buffer (Gibco, #15630-056) and 37 g/L NaHCO3 (sigma, S5761) reaching a final concentration of 4mg/ml. The collagen mix was kept on ice and seeded within 10 min. PSCs were counted and the appropriate number of cells was resuspended in Collagen type I. ECM (2 μl) was loaded into the gel channel and incubated for 15 min at 37°C and 5% CO2 to allow for polymerization of the gel. After incubation, 50 μl of DMEM medium was added to the gel-inlet to prevent the gel from drying out. Next, HUVECs were seeded (10 000 cells per chip) in 2 μl of EGM-2 medium in the top perfusion channel, 50 μl of the same medium was added to the top medium inlet. The plate was incubated vertically in an angle of 75°, with the gel channels facing downwards to allow the cells to attach to the ECM gel for 2 hours. After 2 hours, 50 μl of medium was added to the outlets of the gel and top perfusion channel. Subsequently, PDAC organoids were resuspended in 2 μl Matrigel and seeded in the bottom perfusion channel. The plate was incubated for 15 min until hCPLT medium was added to the bottom lane onto the PDAC organoids compartment. After that, plates were placed in the incubator on a rocking platform (OrganoFlow, Mimetas, the Netherlands) at an inclination of 7° and an interval of 8 min.





Barrier integrity assay

All media was removed from the plate and 80 μl/chip dye was prepared (FITC Dextran 150 kDa (Sigma, Cat#: 46946)). 20 μl of medium was pipetted into the gel and medium in- and outlets and 40 μl of the dye solution was added to the lane containing the endothelial tube in the inlet and 30 μl to the outlet. Leakage of the fluorescent dye from the lumen of the endothelial vessel into the rest of the chip was imaged using the ImageXpress XLS Micro (Molecular Devices). Images were taken for 14 minutes with a 2-minute interval. The images were analysed by extracting the average fluorescence values of the top perfusion channel divided by the average fluorescence value of the bottom perfusion channel for each chip and timepoint, determined in Fiji. The apparent permeability (Papp) value (cm/s) was determined:

	

ΔCreceiver is the difference between the fluorescence intensity measured in the bottom perfusion channel between t=0 and t=14 min, Vreceiver is the volume of the measured region in the ECM channel, Δt is the time between start of the assay and endpoint (14 min), Abarrier is the surface of the ECM barrier with the upper perfusion channel (0.0057 cm2), and Cdonor describes the fluorescence intensity measured in the top perfusion channel.





TEER

The electrode board was prepared and the OrganoPlate was equilibrated at RT for 30min. The electrode board of the TEER device (Mimetas, the Netherlands) was placed on top of the plate and TEER measurement was performed.





Transendothelial migration quantification

5 μM MitoTracker Deep Red was added to the PBMCs in AIM-V medium. The cells were incubated in the dark at 37°C for 30 min. After the incubation, PBMCS were washed with medium, resuspended in the appropriate volume of medium and seeded in the top lane of the OrganoPlate upon exchanging EGM-2 medium of HUVECs with a 50:50 mixture of AIM-V and EGM-2 containing the PBMCs.

Imaging of the migration was done with the ImageXpress® Micro XLS confocal microscope (Molecular Devices). Montages were created using Fiji. A migration quantification tool made in Fiji, specifically developed for the OrganoPlate 3-lane was used.





Immunostaining

The content of the OrganoPlates was fixed with 3.7% Formaldehyde (Sigma, # 252549-1L) in HBSS (+Ca/Mg) (Sigma, # 55037C-1000ML) for 15 min. The plates were washed twice with PBS (Gibco, t# 70013065) for 5 min each. PBS was added to all chips, the plate was sealed and stored until used for immunostaining. For staining, the plates were kept on a rocking device during all incubation steps. The cells were first washed for 5 min with washing solution containing 4% FCS (Gibco/ATCC, cat# A13450) in PBS, permeabilized for 10 min with permeabilization buffer containing 0.3% Triton X-100 (Sigma, #T8787) in PBS and washed again for 5 min. The cells were then blocked with 2% FBS, 2% BSA (Sigma, # A2153) and 0.1% Tween20 (Sigma, # P9616) in PBS for 45 min. The primary antibody was prepared in blocking solution and added to the plate for 24h at RT. CD31 (Dako, #M0823) and ICAM-1 (Biotechne, #BBA3) were used in a 1:100 dilution. Alexa Fluor Plus 488 (Invitrogen, #A32723) was used as a secondary antibody in a 1:250 dilution. The secondary antibody was prepared in blocking solution and added to the plate after washing the plate twice for 3 min and incubated for 24 h. The plate was washed again twice for 3 min after incubation. The cells were washed with PBS once for 1 minute, incubated with NucBlue™ Live ReadyProbes™ Reagent (Hoechst 33342) (Invitrogen, R37605) and ActinGreen™ 488 ReadyProbes™ Reagent (Invitrogen, R37110) and the plate was filled with PBS, sealed and kept in the fridge until imaging.





Live and dead assay

Calcein-AM (Lifetechnologies, #C3099), NucBlue Live ReadyProbes Reagent (Life technologies, #R37610) and DraQ7 (BioStatus, #DR71000) were used for staining live and dead cells and the nucleus. The reagents were added to the medium and distributed to the perfusion inlets and outlets. The mix was incubated for 45 min on the rocker and fluorescent imaging was performed.





Luminex

Medium was sampled from the OrganoPlate and added to the pre-ordered plate containing the analyte-specific capture antibodies, which bind to the analytes of interest according to the kit protocol. The Human Magnetic Luminex® Assay was used (bio-techne, #LXSAHM-11). Samples were analyzed on the MAGPIX xPONENT® software. The samples were normalized and compared to standards.





Stromal targeting

For targeting the stroma, several compounds were added as 2 µM solutions to the OrganoPlate after medium was removed on day 4. The following compounds were used: Halofuginone (MedChem Express, #HY-N1584) as a PSC/CAF and SMAD 2/3 inhibitor; Galunisertib (Selleck Chemicals, #S2230) as TGF-β receptor inhibitor; Vismodegib (MedChem Express, #HY-10440) as a SHH pathway inhibitor, Pirfenidone (MedChem Express, #HY-B0673) as a cell cycle inhibitor of CAFs; and Losartan (MedChem Express, #HY-17512) as a TGF-β ligand inhibitor (16).





Statistical analysis

All statistical analyses were conducted in GraphPad Prism version 9 (GraphPad Software, San Diego, CA, USA) and data was presented as mean ± standard deviation (SD). Differences in survival were assessed using one-way or two-way ANOVA in combination with respective Tukey’s multiple comparison test or Sidak`s multiple comparison. Luminex data was analysed using Kruskal-Wallis test, correction for multiple comparisons by Dunn’s test. A statistical significance of p ≤ 0.05 was maintained. The significances are shown as asterisks in the figures (* = p< 0,05; ** = p< 0,01; *** = p< 0,001; **** = p< 0,0001). Independent experiments are denoted by N, while replicates per experiment are denoted by n. Sample size was chosen based on the variation and standard deviation between samples to ensure significance of the data. F-tests, descriptive statistics and row analysis were performed to ensure similar variance between the groups.






Results




Development of a PDAC tumor microenvironment on-a-Chip

The stroma is considered the major player in shaping the PDAC immune microenvironment. In order, to recapitulate cellular interactions observed in PDAC tumors, we developed a microfluidic-based PDAC model and subsequently applied it in immune migration studies. PDAC organoids and PSCs were characterized and model setups were established in the OrganoPlate 3-lane (Figures S1, 1A, B). These consist of PDAC organoids, PSCs, endothelial and immune cells. First, the middle lane was seeded with Collagen I type ECM containing PSCs. Subsequently, the top lane was seeded with endothelial HUVEC cells, which self-assembled into a tubule under flow conditions. PDAC organoids were cultured in Matrigel in the bottom lane (Figure 1C). All cell types were seeded on the same day. After cell seeding, cultures were then placed onto an OrganoFlow for perfusion, which enabled nutrient distribution and waste removal (Figures 1D, E). Cultures were allowed to develop for 4 days. For migration studies, the HUVEC tubule was loaded with CMRA labeled PBMCs and the migration towards the PDAC organoids was followed for 72h, cultures were imaged every 24h. Migration of PBMCs was analyzed using an in-house cell counting tool developed in FIJI.




Figure 1 | PDAC tumor microenvironment-on-a-Chip: (A) The OrganoPlate 3-lane comprises 40 chips with 3 microfluidic channels each. (B)(i). Endothelial cells were seeded into the top lane (A1) and due to capillary forces, the cells were distributed throughout the lane (A3) and allowed to form a tube. PSCs were loaded into the middle lane (B1) and PDAC organoids into the bottom lane (C1 distribution to C3). (B)(ii) Side view of a chip comprising the three lanes with PhaseGuides, that allowed for the compartmentalization of different cell types. Microscopic images were acquired from the observation window, which comprises all three lanes (B2) and which can be seen in (C) Phase contrast image shows culture organization in an OrganoPlate 3-lane chip. 4x acquisition, Scale bar=500 µm. Images acquired on the ImageXPress Micro XLS Widefield High-Content Analysis System® (Molecular Devices). (D) Schematic representation of the 3D culture, where PBMCs (yellow) migrated from the HUVEC tube (red) through the stroma (blue) to PDAC organoids (green). (E) Immunostaining with Actin (yellow) and NucBlue (blue). The cells were imaged on the confocal microscope. Shown are 4x maximum intensity projections, imaged on the ImageXpress Micro Confocal (Molecular Devices). Scale bar= 500 µm.



This model setup and variations of it were further used to investigate the role of the tumor microenvironment, particularly the endothelium and PSCs, on immune cell recruitment in PDAC.





Influence of the endothelial inflammatory status in PBMC migration

Inflammation occurs in response to tissue damage and cancer, which usually results in vascular activation and increased recruitment of immune cells towards the site of inflammation (17). Vascular responses such as changes in barrier function were studied in inflamed HUVEC (exposed to 2.25 ng/ml TNFα) as well as in presence of a PDAC tumor compartment.

HUVEC control tubules showed expected morphology as shown by CD31 immunostaining (18). In Figure 2, TNFα treated HUVEC tubules show clear increased ICAM expression (Figure 2A) and permeability (Figures 2B–D), consequently, leading to a better attachment of PBMCs and subsequent migration (Figures 2E, F).




Figure 2 | Endothelial barrier function and PBMC migration: In (A) one of the PDAC-on-Chip model setups is shown, and consists of a HUVEC tubule and PDAC organoids. Confocal imaging revealed the morphology of the HUVEC tube upon treatment with TNFα on day 3. The cells were stained on day 7 with CD31 (green), ICAM (green) and NucBlue (blue). Shown are 10x maximum intensity projections, imaged on the the ImageXpress Micro Confocal (Molecular Devices). Scale bar= 500 µm. (B) BI assay determined upon perfusion of a 155 kDa FITC-dextran. The dye diffused through the chip when no cells were present. 4x images acquired on the ImageXPress Micro XLS Widefield High-Content Analysis System® (Molecular Devices). (C) Barrier function was assessed with BI assays from day 4-7 after seeding upon perfusion of the chips with medium containing the 155 kDa FITC-dextran and corresponding apparent permeability (Papp) values were calculated. Shown are mean +- SD (N=3, n=3). (D) TEER measurements highlighted the role of TNFα in decreasing the barrier function of HUVEC tubes. (N=3, n=3) (E) Migration quantification of PBMCs towards PDAC organoids within 72h showed a slight influence of TNFα on PBMC migration behavior. Shown are mean+- SD (N=3, n=3) (F) Total cell count of PBMCs located in the chip compared to the number of cells that migrated to the bottom lane within 72h. Shown are mean+- SD (N=3, n=3).



However, HUVEC tubules presented a very poor morphology and a very high leakiness in response to TNFα, for this reason migration experiments were further conducted in absence of TNFα. Although, untreated HUVEC tubules in co-culture with PDAC organoids are more organized, these also present a poor barrier function in presence of PDAC organoids, therefore, recapitulating the leaky blood vessels observed in PDAC tumors (Figures 2D, 3B).




Figure 3 | Migration of PBMCs in the PDAC TME model: (A) Top and side view of the 3D reconstruction of the complete model comprising a HUVEC tubule, PSCs and PDAC organoids. The cells were stained with Actin and NucBlue and imaged on the ImageXpress Micro Confocal (Molecular Devices) (B) BI-assay images of the tri-culture system. Perfusion of a 155k Da FIT-C labeled dextran, 4x magnification. Images acquired on the ImageXPress Micro XLS Widefield High-Content Analysis System® (Molecular Devices). (C) TEER measurements highlighted the role of PSCs in increasing the barrier function of HUVEC tubules (N=3, n=3). Statistical analysis revealed *p<0,05 for the - PSC PDAC sample and *** p<0,001 for the HUVEC PSCs PDAC sample compared to the HUVEC only control on day 6. (D) CMRA staining of migrating PBMCs imaged on the ImageXpress Micro Confocal (Molecular Devices) at 0h, 24h, 48h and 72h after PBMC seeding. 10x acquisition, Scale bar=500 µm. (E) Quantification of PBMC numbers in the middle lane. Migration was analyzed with a cell counting tool in FIJI based in confocal images. Shown are mean± SD (N=3, n=3). Data show % of cells that migrated compared to the total amount of cells counted in the chip. (F) Migration chart showing the position of single PBMCs and distance they traveled in the OrganoPlate after 72h in different setups. Migration was analyzed with a cell counting tool in FIJI based on confocal imaging. Shown are mean+- SD (N=3, n=3). (G) Total cell number of immune cells migrated towards PDACs within 72h versus total number of cells within a chip. Shown are mean+- SD (N=3, n=3).







Effect of PDAC stromal barrier on immune cell distribution and migration

After confirming that the endothelium did not retain PBMCs or formed a good barrier in presence of PDAC organoids, the role of the PSCs was further evaluated. To bring more complexity into the model the HUVEC-PDAC model was expanded to include PSCs in the middle lane and create a HUVEC-PSC-PDAC model.

PSCs grew along the HUVEC tubule, building an additional barrier (Figures 3A–C). Cultures were characterized by actin and nuclei staining and respective 3D reconstruction images (Figure 3A) showed a stromal compartment formed alongside a fully developed HUVEC tubule. TEER and BI measurements in different model set ups indicated, that mainly PSCs were responsible for barrier formation (Figures 3B, C). Next, PBMCs were allowed to migrate in different culture setups. In presence of both PSCs and PDAC, 20-30% of PBMCs were retained in the stromal compartment (Figures 3D, E).

PBMC migration was not observed in HUVEC only controls (Figure 3F). PBMCs migrated within 24-72h in the different model setups tested. The highest numbers of PBMCs to reach the PDAC organoids compartment was observed in the model setup containing PDAC and PSCs in the bottom lane (Figure 3G).





Soluble factors secretion changes in response to PDAC organoids and PSCs crosstalk

To further explore the relevance of the stroma in attracting and influencing the distribution of immune cells in our model, chemokine, cytokine and FGF2 levels were determined in culture supernatants, collected from specific chip compartments, using a Luminex panel containing CCL2, CXCL1, CCL4, CXCL10, CXCL13, IL-6, Il-8, IL-10, TNFα, FGF2 and IFN-y (Figure 4).

Data are shown as fold change of PDAC organoids compartment in absence of PSCs. Almost all secreted factors were present in the supernatant of the different culture setups, except for INFy and IL10. These cytokines were present in very low concentrations and no significant differences were observed (data not shown). CCL2 and CXCL13 (Figures 4A, E) were increased in the PSC compartment in presence of PDAC organoids (adjacent channel) compared to PDAC organoids growing in absence of PSCs. TNFα was only increased in the PDAC organoids compartment of the co-culture (Figure 4H). CXCL1, CCL4, IL8 and IL6 were significantly increased in the PSC and PDAC compartments of the co-culture (Figures 4B–D, G). CXCL10 and FGF2 data showed a trend towards increased levels in the co-cultures (Figures 4F, I). FGF2 level was significantly increased in the PSC compartment of the co-culture in comparison to PSCs growing in absence of PDAC organoids (Figure 4I). Heatmap in Figure 4J summarizes the Luminex data and indicate that compartments of the co-culture setup show an increase in the secretion of most soluble factors measured. These results indicate that the biochemical microenvironment in our model is complex, and that the PDAC organoids-PSCs crosstalk lead to the increase of immune mediators and being those changes sometimes compartment dependent. In addition, these support the notion that PSCs in addition to a physical barrier, seem to shape a biochemical immune microenvironment as well.




Figure 4 | Soluble factors secretion: (A–I) Fold change of concentration of chemokines from the medium that was harvested from several culture setups. Samples were obtained from the following conditions: PDAC organoids grown in the bottom lane (in absence of PSCs), PSC grown in the bottom lane (in absence of PDAC, organoids), psc-PDAC samples were collected from the PDAC organoids grown in the bottom lane (in presence of a PSC compartment in the middle lane), PSC-pdac were collected from PSC grown in the middle lane (in presence of PDAC organoids growing in the bottom lane). (J) Heatmap of Luminex data for concentration fold changes. Luminex data was analyzed using Magpix. Samples were taken from the lane, that is depicted in capital letters. CCL2, CXCL1, CCL4, CXCL10, IL-6, IL-8, TNFα, CXCL13, FGF2, IFNy and IL-10 concentrations were measured in the supernatant (N=1,n=4).







PBMC subtype preferential migration in a PDAC model

PSCs seem to function as a physical barrier as well as contribute with secreted factors that influence PBMCs migration and distribution in vitro preventing them in part from reaching the tumor cells. We next characterized the migratory behavior of isolated PBMC subtypes. T-cells were least likely to migrate towards PDAC organoids, whereas monocytes and B-cells were most likely to migrate to this compartment (Figure 5A). Total cell numbers showed, that around 40% of the total B-cell and monocyte population seeded, migrated towards to the organoids, whereas this percentage was much lower for T-cells (Figure 5B).




Figure 5 | Identification of PBMC subtype migration (A) Migration percentage of total migrating T-cells, CD4+ T-cells, CD8+ T-cells, B-cells and monocytes towards PDAC organoids in a HUVEC-PDAC setup. Shown are mean+- SD (N=3, n=3). (B) Total cell number of diverse immune cell types migrated towards PDAC within 72h versus total number of cells within a chip. Shown are mean+- SD (N=3, n=3).







Influence of stromal targeting on barrier function and immune cell infiltration

To increase the amount of migrating PBMCs and consequent immune infiltrate into the tumor compartment, several stromal targeting compounds were tested. Halofuginone (PSC/CAF and SMAD2/3 inhibitor), Galunisertib (TGF-β receptor inhibitor), Pirfenidon (cell cycle inhibitor of CAFs), Losartan (TGF-β ligand inhibitor) and Vismodegib (SHH pathway inhibitor) were selected to target the PSCs compartment (Figure 6).




Figure 6 | Stromal targeting in PDAC: (A) Barrier assessment of the culture setups when treated with 2 µM of either Vismodegib, Galunisertib, Pirfenidon, Losartan or Halofuginone with TEER. (B) Migration quantification of PBMCs migrated to the PDAC (bottom lane) at 24h(i), 48h(ii) and 72h(iii), when the stroma was treated with 2 µM of either Vismodegib, Galunisertib, Pirfenidon, Losartan or Halofuginone. The data, depicted as fold change, was normalized to the untreated control. Shown are mean +- SD (N=3, n=3). (C) Live and Dead assay with DraQ7 (red), Calcein-AM (green) and NucBLue (blue) showing the influence of the compounds on cell death when treated with Halofuginone in the PSC lane. The cells were stained with Calcein-AM, DraQ7 and NucBlue (N=3, n=3), imaged on the ImageXpress Micro Confocal (Molecular Devices). 10x acquisition, Scale bar=200 µm (D) Live and Dead assay quantification showing the percentage of dead cells compared to the total number of cells. ***p< 0,001; ****p< 0,0001.



Exposure of the stromal compartment to these compounds decreased TEER, confirming that all compounds influenced PSCs barrier. Halofuginone created the biggest drop in TEER (Figure 6A). This effect was accompanied by a significant increase in immune cell infiltration in response to Halofuginone, Losartan and Pirfenidone (24-72h). Migration of PBMCs was slightly increased to the PDAC organoids in the bottom lane and the effect reduced over time (Figure 6B). Halofuginone produced the most consistent increase in immune cell infiltration. This seemed to be associated to the induction of pancreatic stellate cell death as determined with a live and dead assay (Figures 6C, D).






Discussion

We here describe the development and the application of a PDAC microenvironment on-a-Chip model in immune cell migration and infiltration studies. Several model setups were established, these consisted of an endothelial tubule perfused with PBMCs, PSCs (stromal compartment), and PDAC organoids (Figure 1).

To study the influence of vascular permeability on PBMC migration, we simulated inflammation upon TNFα exposure to the HUVEC tubule. Endothelial tubules showed a clear morphological change (CD31) and increased ICAM expression in response to TNFα (Figure 2A). As a result, tubules showed a higher Papp (BI assay) and lower TEER measurements, suggesting that TNFα induced a weaker barrier function compared to untreated tubules (Figures 2C, D). TNFα improved PBMC attachment and subsequent transmigration (Figure 2F). Similar behavior was observed in presence of PSCs and PDAC organoids, and for this reason TNFα priming was not needed.

In the model setups composed by HUVEC-PSC-PDAC organoids, stromal cells formed a functional barrier on the interface with the endothelial tubule. 3D reconstruction images (Figure 3A) confirmed that PSCs align along the endothelial tubule and supported the formation of a physical barrier between the vascular and stromal compartments (Figure 3B). HUVECs tubules were leaky and seemed to give a minor contribution to the formation of this barrier, also demonstrated by similar TEER values measured at day 6 in triculture (HUVEC-PSCs-PDAC) and co-culture (PSCs-PDAC) (8) (Figures 3B, C). In presence of PSCs, 30% of migrating PBMCs were partly retained in the PSC compartment, suggesting that the stroma functioned like a barrier and influenced the distribution of part of the PBMC population and prevented its interaction with PDAC organoids (19).

However, two-three times as many cells reached the PDAC organoids compartment when PSCs were co-seeded with organoids in the bottom lane. PSCs seem to change when co-cultivated with PDAC organoids and formed a heterogenous stromal population. This stromal population likely included CAFs which in turn activate PDAC cells, promoting an increase in immunomodulatory chemokine secretion. PBMCs migration in our culture system seemed to depend on the formation of a chemokine gradient since no random migration was observed in absence of PSCs and/or PDAC over 72h (Figure 3). This was in line with previously published data by de Haan et al., 2021 where migration was only observed in presence of a chemokine gradient or a tumor compartment (14)​​. Total numbers of migrating cells indicated the importance of both PDAC organoids and PSCs in immune cell infiltration and distribution. Factors secreted in our on-chip model are normally associated to a negative effect on immune cell trafficking and infiltration into the tumor tissue (20–24)​. However, when the two cell types were put together, these seem to interact, secreting a higher concentration of several soluble factors (Figure 4). PDAC cells released CCL2, CXCL13 and IL-8, but in lower concentrations than secreted by the PSCs (Figure 4). High concentrations of CXCL1 were released, which is a chemoattractant for neutrophils and non-hematopoietic cells and is associated to immune escape programs (25). CCL4, a chemoattractant for NK-cells and monocytes associated to an immunosuppressive TME was increased (26)​​. CXCL13 plays a role in B cell recruitment, which we also confirmed with the migration data of B-cells, which show the highest migration potential (27) (Figure 5). Overall, PBMCs preferably migrated towards the PDAC organoids. However, direct immune cell-PDAC organoid interactions seemed to be partly prevented by the PSCs by the formation of a physical barrier as well as biochemical microenvironment that influenced immune cell distribution and did not support T cell migration (28). Due to the significant increase in chemokines, we hypothesize, that these serve as factors in immunosuppression, and thus explain the immune cell retention from the PDAC organoids (28).

To overcome the stromal barrier and to increase immune cell infiltration, stromal targeting compounds with different mechanisms of action were tested. All the tested compounds showed a decrease in TEER and barrier function. Halofuginone seemed to be the most promising candidate and Vismodegib the least (Figure 6A). Halofuginone increased immune cell infiltration after 24h and 48h towards PDAC organoids (bottom lane), indicating that this compound weakened stromal barrier function (Figure 6B). The effect was reduced after 48h, suggesting some sort of barrier regeneration and PSC proliferation.

Although this model provides a good insight into stromal functioning in PDAC, it poses limitations regarding complexity and full in vivo translatability. The employed system should evolve to incorporate matched donor materials. In addition, other components of the PDAC stroma should also be included such as CAFs, and its role characterized. Considering given limitations, this model could still be instrumental in the understanding of the formation of PDAC tumor immune infiltrate as well as how to potentially influence cellular therapies (e.g., CAR T cells, TCR engineered T Cells, TILs, NK cells) delivery and effectiveness (29)​.





Conclusion

Recruitment of immune cells into the tumor tissue is an essential step that shapes the immune microenvironment and defines the ability of a tumor to respond or not to immune targeting strategies. In this study, a significant immunomodulatory role of the PDAC stromal compartment was characterized. This contributes to the formation of a physical barrier as well as the formation of PDAC biochemical microenvironment. As a result, interaction of immune and tumor cells was partly prevented. Stromal retention of immune cells was in part reversed by Halofuginone. In addition, the study showed the suitability of microfluidic platforms for generating complex models and recapitulating complex cellular interplay involved in the lack of an effective anti-tumor immune response in PDAC.
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In the development of cell-based cancer therapies, quantitative mathematical models of cellular interactions are instrumental in understanding treatment efficacy. Efforts to validate and interpret mathematical models of cancer cell growth and death hinge first on proposing a precise mathematical model, then analyzing experimental data in the context of the chosen model. In this work, we present the first application of the sparse identification of non-linear dynamics (SINDy) algorithm to a real biological system in order discover cell-cell interaction dynamics in in vitro experimental data, using chimeric antigen receptor (CAR) T-cells and patient-derived glioblastoma cells. By combining the techniques of latent variable analysis and SINDy, we infer key aspects of the interaction dynamics of CAR T-cell populations and cancer. Importantly, we show how the model terms can be interpreted biologically in relation to different CAR T-cell functional responses, single or double CAR T-cell-cancer cell binding models, and density-dependent growth dynamics in either of the CAR T-cell or cancer cell populations. We show how this data-driven model-discovery based approach provides unique insight into CAR T-cell dynamics when compared to an established model-first approach. These results demonstrate the potential for SINDy to improve the implementation and efficacy of CAR T-cell therapy in the clinic through an improved understanding of CAR T-cell dynamics.
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1 Introduction

Dynamical systems modeling is one of the most successfully implemented methodologies throughout mathematical oncology (1). Applications of these model first approaches have led to important insights in fundamental cancer biology as well as the planning and tracking of treatment response for patient cohorts (2–9). Simultaneously, the last twenty years have seen explosive growth in the study and application of data-driven methods. These data first approaches, initially implemented as machine learning methods for imaging and genomics analyses, have seen much success (10, 11). However, such approaches are often limited to classification problems and fall short when the intention is to identify and validate mathematical models of the underlying dynamics. Recent efforts by us and others have aimed to develop methodologies that bridge these model first and data first approaches (12–14).

In this work, we combine the methods of latent variable discovery and sparse identification of nonlinear dynamics (SINDy) (15–17) to analyze experimental in vitro cell killing assay data for chimeric antigen receptor (CAR) T-cells and glioblastoma cancer cells (18). This experimental data, featuring high temporal resolution, offers a unique opportunity to conduct an in situ test of the SINDy model discovery method. Interpretation of the discovered SINDy model is conducted under the expectation of a predator-prey interaction in which the cancer cells function as the prey and the CAR T-cells the predator (19).

Predator-prey systems are a broad class of ordinary differential equations (ODEs) that aim to characterize changes in populations between two or more groups of organisms in which at least one survives via predation on another. Originally applied to the study of plant herbivory (20) and fishery monitoring (21) in the early 20th century, predator-prey models have since become a workhorse of ecology, evolutionary biology, and most recently mathematical oncology (19, 22). Importantly, predator-prey models underpin much of the computational modeling of CAR T-cell killing, particularly in the context of in vitro cell killing assays (7, 23). An important example of these is the CAR T-cell Response in GliOma (CARRGO) model, a model that characterizes the in vitro interactions between CAR T-cells and glioma cells (18). The CARRGO model has shed light on the underlying biological mechanisms of action (18, 23), has informed effective dosing strategies for combination CAR T-cell and targeted radionuclide therapy (24), and CAR T-cell therapy in combination with the anti-inflammatory steroid Dexamethasone (25).

Despite the success of the CARRGO model, it is limited in the scope of potential phenomena that it can capture in regards to the precise interactions between the CAR T-cells and glioma cells. In this work, we use the SINDy modeling framework to incorporate important extensions to the CARRGO model. These extensions are: predator growth that is dependent on the density of prey, also known as a functional response (26, 27); individual predator and prey growth that saturates at some maximum value (logistic growth) (18), or has a population threshold below which collapse occurs (the Allee effect) (28, 29); and predator-prey interactions in which one or two CAR T-cells are bound to a single cancer cell at once, referred to as single or double binding, respectively (23, 30). Other efforts of extending CAR T-cell modeling have looked at fractional order derivatives (31) and stochastic dynamics (32) in the context of CAR T-cell treatment for viral infections, specifically coronaviruses. Our treatment focuses on integer order derivatives and deterministic dynamics.

An ever-present challenge to quantitative biologists is fitting a proposed model to experimental data, also known as parameter estimation or model inference. On one hand, quantitative biologists seek models that capture as much biological realism and complexity as possible. On the other hand, increasing model complexity increases the computational challenge to accurately, confidently, and expediently determine model parameter values. This approach is further complicated if a researcher chooses to compare competing or complementary models (33, 34). An alternative approach, examined in this paper, is to leverage newly developed methods rooted in data science and machine learning which identify the strength of individual mathematical terms as candidates for an explanatory model. These methods are often referred to as dynamic mode decomposition, symbolic regression, or sparse identification.

Dynamic mode decomposition (DMD) is a data driven technique that interrogates time-series data by performing a singular value decomposition (SVD) on carefully structured matrices of the given data (13, 35). In this formalism, the orthonormal basis vectors generated by singular value decomposition serve as linear generators of the system dynamics such that forward prediction can be performed absent a known underlying mathematical model. Alternatively, SINDy identifies the specific mathematical terms that give rise to the observed dynamics governed by ordinary and partial differential equation models (15). SINDy achieves this by regressing experimental data onto a high-dimensional library of candidate model terms, and it has proven successful in climate modeling (36), fluid mechanics (37), and control theory (38). Since the initial publication of SINDy, several extensions have been studied, including: discovery of rational ordinary differential equations (39, 40); robust implementation with under-sampled data (41) or excessive noise (42); or incorporation of physics informed neural networks when particular symmetries are known to exist (43).

In its original and subsequent implementations, the CARRGO model demonstrated valuable utility in quantifying CAR T-cell killing dynamics when treating glioblastoma. Inferences of the underlying biological dynamics were made by examining how model parameter values changed along gradients of effector:target (E:T) ratios or as a function of other combination therapy concentrations. This is in direct contrast to the SINDy methodology, where the discovery of different model terms provides insight into the underlying biological dynamics as a result of variation along the E:T gradient. Here we compare these two modelling frameworks on the same data set to provide further insight into the trade-offs of data first versus model first approaches.

In this paper we utilize our experimental data to test these and other aspects of the DMD and SINDy frameworks. In Section 2.2 we introduce the families of models that are anticipated to be simultaneously biologically relevant and identifiable by SINDy, and we introduce a new approach to performing SINDy-based model inference. In Section 2.3.1 we present the latent variable analysis based on DMD that is used to generate the time-series CAR T-cell trajectories based on those of the cancer cells and the known boundary values for the CAR T-cells. In Section 2.3.2 we introduce the SINDy methodology in the particular context of our application. Results of our approach are presented in Section 3 where we (1) highlight how the discovered models vary as a result of different initial conditions in the cancer cell and CAR T-cell populations and (2) examine how well the discovered models found in this data first approach compare to a typical model first in characterizing the experimental data. In Section 4 we demonstrate how our results can guide experimental design to validate the predictions made by the discovered models, and we elaborate on some of the challenges encountered in this study.




2 Materials and methods



2.1 Experimental setup

The data analyzed in this study come from previously conducted experiments whose procedures are described in Sahoo et al. (18) and Brummer et al. (25), and summarized in Figure 1. The primary brain tumor cell line studied (PBT128) was selected for its endogenous high and relatively uniform expression of IL13Rα2 antigen (89.11% IL13Rα2+) (25). This cell line was derived from glioblastoma tumor resection tissue as described in (44, 45). To generate IL13Rα2-targeted CAR T-cell lines, healthy donor CD62L+ naive and memory T-cells were lentivirally transduced to express second-generation 4-1BB-containing CAR that utilizes the IL13 cytokine with an E12Y engineered mutation as the IL13Rα2 targeting domain (46).




Figure 1 | Diagram of experimental procedure highlighting use of microelectrode plates in an xCELLigence cell analyzer system and sample Cell Index (CI) measurements for control and treatment groups (E:T = 1:4). This system utilizes real-time voltage measurements to determine CI values representative of the adherent cancer cell population as a function of time. CAR T-cells are added following 24 hours of cancer cell expansion and attachment. After 6-8 days of monitoring the cancer cell growth and death dynamics, cells are harvested and enumerated using flow cytometry.



Cell killing experiments were conducted and monitored with an xCELLigence cell analyzer system. Measurements of cancer cell populations are reported every 15 minutes through changes in electrical impedance as cancer cells adhere to microelectrode plates, and are reported in units of Cell Index (CI), where 1 CI ≈ 10K cells (47–49). Flow cytometry was used to count the non-adherent CAR T-cells upon termination of the experiment. Measurements of CAR T-cell populations are reported in units of CI for the purposes of working in a common scale. We used the conversion factor of 1 CI ≈ 10K cells. Cancer cells were seeded at 10K – 20K cells and left either untreated or treated with only CAR T-cells, with treatments occurring 24 hours after seeding and monitored for 6-8 days (Figure 1). CAR T-cell treatments were performed with effector-to-target ratios (E:T) of 1:4, 1:8, and 1:20. All experimental conditions were conducted in duplicate.




2.2 Effective interaction models

Challenges to the model first approach to systems biology are (1) deciding on a sufficiently comprehensive model that captures all pertinent phenomena and (2) fitting the selected model to available data. Researchers are tasked with justifying their decisions in selecting candidate models. Yet, a common feature of dynamical systems models are the presence of ratios of polynomials. Such terms in ODEs can be difficult for the convergence of optimization algorithms to global solutions due to the possible existence of multiple local solutions within the model parameter space (50). In such instances researchers must either rely on high performance computational methods, have collected a vast amount of experimental data, or both. To address this problem, we utilize binomial expansions of candidate model terms under the assumptions of CAR T-cell treatment success and fast, irreversible reaction kinetics. In the following sections we present the space of possible models anticipated to characterize our experimental system, and the steps necessary to reduce the complexity of these candidate models.

The dynamical model that our experimental system is anticipated to follow is defined generically as,





where   and   represent a growth-death model for the cancer cells, x, and the CAR T-cells, y.   and   represent a binding model for whether single or pairs of CAR T-cells attack individual cancer cells, and ℛ represents a model for the CAR T-cell functional response. In the subsections below, we explore different families of models representing the terms in the above equations. Explicitly, we examine different types of (a) growth and death models, (b) functional response models, and (c) CAR T-cell-cancer cell binding models.



2.2.1 Growth and death

We consider three different growth-death models for both the cancer cells and CAR T-cells. These are logistic growth, and the weak and strong Allee effect models, presented as,

	

for   , and similarly for   . Here, ρx is the net growth rate, Kx is the population carrying capacity, Ax is a weak parameterization of deviations from logistic growth, and Bx is the threshold for population survival or death absent predation. All model parameters are assumed positive, with the added constraint that Kx > Bx > 0. We anticipate similar growth models for the CAR T-cells,   , with allowance of different models for the different cell types and model constants. Logistic growth is commonly favored for its simplicity in experimental systems (18, 24, 25), while there is growing evidence that Allee effects are required for accurate characterization of low density cancer cell populations (28, 29, 51, 52) or as the result of directed movement (53), the latter of which being an observable feature of CAR T-cell behavior using bright field imaging (18, 25).

In Figure 2, graphs of population growth rates versus population size and population size versus time are presented for each growth model and for a variety of initial conditions. Parameter values used were ρ = 0.75 hrs-1, K = 10 CI, A = 5 CI, and B = 5 CI. Examination of the logistic growth model in Figure 2A and the weak Allee effect in Figure 2B demonstrates similar population saturation at the carrying capacity K = 10 CI, but a slight deviation between how the models reach saturation. Specifically, the weak Allee effect exhibits a reduced per capita growth rate at low population densities compared to logistic growth. Examination of Figure 2C demonstrates the crucial difference between the strong Allee effect and either of the logistic growth or weak Allee effect through the existence of a minimum population threshold, B, above which the population will persist, and below which the population will die off.




Figure 2 | Conceptual graphs of population size (in cell index - CI) versus time (in hours - hrs) for the three growth models presented in Eqs. (3)-(5): logistic growth (A) weak Allee effect (B) strong Allee effect (C). Model parameter values are:   hrs-1,   CI,   CI, and   CI. Colors correspond to different initial cell populations, which are the same for each model presented (blue = 12 CI, orange = 8 CI, green = 4 CI, red = 1 CI).



Due to the fact that SINDy produces discovered models in their polynomial form without factoring, or grouping of terms together, we must consider the un-factored polynomial form of each model. To determine appropriate constraints on the model coefficients, we will expand the growth models and factor by common monomials. Doing so for   and dropping the subscript gives the following,

	

and similarly for   . Here we can see that the coefficients for x and x2 can be positive or negative, but the coefficients for x3 must be fixed as negative values, where we have absorbed the minus signs in Eqs. (7)-(8) into ρx/KxAx.




2.2.2 CAR T-cell-cancer cell binding

Cell binding models characterize the rates of formation and disassociation of conjugate pairs of species, also referred to as interaction molecules (Figure 3A). These models historically are known as Hill-Langmuir functions for their originating studies in hemoglobin formation (54) and gas adsorption on material surfaces (55), yet perhaps are better known for their use in modeling enzyme reaction kinetics, or Michaelis-Menten kinetics (56). The same modeling principles have been extended to examine cell binding in T-cell and cancer cell interactions (2, 23, 30). An important challenge to the field of cancer immunotherapy modeling is characterizing higher-order cell binding dynamics. That is, the formation of conjugates that consist of multiple CAR T-cells attacking single cancer cells (Figure 3A). These cancer cell-CAR T-cell conjugates are hypothesized to form as either a consequence of increased effector to target ratios or as a result of increased antigen density on target cells. As our experiment uses one single cell line with a high and uniform antigen expression level of IL13Rα2, we assume on average all cancer cells have approximately the same antigen density. We thus focus our attention to experimental variation in the effector to target ratios.




Figure 3 | (A) Compartmental model for single and double CAR T-cell-cancer cell binding. Expressions for how rate constants ( ) contribute to the growth or death of the cancer cell and CAR T-cell populations are presented in Eqs. (9)-(14). See (30) for further development and analysis of the cell binding model. (B) Graphs of binding rate versus CAR T-cell population for the single binding, double binding, and effective double binding models in Eqs. (9)-(12), (16), and (18). Model parameters for antigen bindings are:   CI-2 hrs-2 and   CI-1 hrs-1 for single binding;   CI-2 hrs-2,   CI-3 hrs-2,   CI-1 hrs-1, and   CI-2 hrs-1 for double binding; and   CI-2 hrs-2,   CI-3 hrs-2,   CI-1 hrs-1, and   CI-2 hrs-1 for effective double binding. These parameter values were chosen to highlight how well the effective double binding model can approximate both the single and double binding models at low CAR T-cell population values,   CI. Note that since the original double binding model in this scenario is concave-up, the effective double binding model parameters should be chosen to match concavity. This requirement sets a positivity constraint on the quadratic term in Eqs. (16) and (18). (C) Graphs of CAR T-cell response rates versus cancer cell population for different functional response models. Model parameters for functional responses are:   CI-1 hrs-1 for Type I;  CI-1 and   CI for Types II and III. Note overlap of Types I and II functional responses for   CI, and distinct differences in concavity between Types II (negative) and III (positive) for   CI. These characteristics correspond to Type I and Type II functional responses being indistinguishable at low cancer cell populations, and Type II and Type III being differentiated by fast-then-slow response rates (Type II) versus slow-then-fast response rates (Type III).



Following the work of Li et al. (30), we incorporate fast irreversible single and double cell binding into our generic model landscape. Here, fast binding implies that conjugate formation and dissociation occur quickly enough to maintain equilibrium in the conjugate populations, I1 and I2, such that dI1/dt = 0 and dI2/dt = 0. While irreversible means that all conjugate formation leads to death, or   and  . These assumptions are consistent with the conditions of relatively higher effector to target ratios, or high antigen densities on target cells. They also imply that a mixture of conjugates and dissociates may exist, but that the dynamics happen such that the conjugate populations are fixed and do not change with time. Furthermore, we only consider the higher-order binding scenario of two CAR T-cells to one cancer cell. Solving for the contributions to the cancer and CAR T-cell populations due to binding dynamics results in,

	

	

where the constants a, b, c, and d are defined in terms of the association rate constants,   and   , and the death rate constants   from Figure 3A as follows,





Finally, the constant h is the sum of the single conjugate death rates,  , and the constant k is simply a renaming of the double conjugate association rate,  . As the variable renaming is admittedly complicated, the constants a, b, c, and d are defined to quickly identify end states of conjugate formation and have been located next to their corresponding interaction products in Figure 3A.

The per-cancer cell binding models are graphed in Figure 3B. Model parameter values used for the single and double cell binding models in Eqs. (9)-(18) are: a = 20 CI-2 hrs-2, and h = 16 CI-1 hrs-1 for single binding; and a = 20 CI-2 hrs-2, b = 5 CI-3 hrs-2, h = 16 CI-1 hrs-1, and k = 2 CI-2 hrs-1 for double binding. We highlight that we are restricting ourselves to scenarios where increases in the CAR T-cell population during a given trial leads to increases in the likelihood of double binding, which results in super-linear increase of per-cancer cell binding. This restriction enforces concavity of the effective double cell binding model which we explore next. It is possible for the double binding model to exhibit a sub-linear increase in per-cancer cell antigen binding as the CAR T-cell population increases, and an overall decrease in cancer cell killing. However, this scenario does not agree with our experimental data of increased killing with increased effector-to-target ratios.

Importantly, the rational forms of the binding rates typically complicate determination of parameter values in conventional dynamical modeling. To reduce model complexity, we take advantage of potential differences between the rates of conjugate association and conjugate death that can give rise to simplifications. If the product of the CAR T-cell population and the rate of forming double conjugates, ky, is small compared to the sum of the rates of single conjugate deaths, h, then ky/h < 1, and we can again perform a binomial expansion in the cell binding denominators. A second way of interpreting this condition is to require the number of CAR T-cells to remain small compared to the ratio of the rate of double conjugate formation to the sum of the rates of single conjugate deaths, y < h/k. Performing the binomial expansion and truncating again at   results in the following effective models of cell binding,

	

	

Here the effective double conjugate antigen binding model takes the form of the exact single conjugate binding model plus a correction due to double conjugate formation. Eqs. (16) and (18) are graphed in Figure 3B, using the parameter values of a = 20 CI-2 hrs-2, b = 2.75 CI-3 hrs-2, h = 16 CI-1 hrs-1, and k = 2 CI-2 hrs-1. These values are chosen to demonstrate that the effective double binding model can accurately approximate both the exact single and double binding models for small CAR T-cell populations, y < 1CI. Importantly, we note that if the parameter values b or d are sufficiently small, corresponding to low double conjugate CAR T-cell or cancer cell death rates, then the quadratic terms in Eqs. (16) and (18) will be negative, and the concavity of the effective double binding model deviate significantly from the exact model. This phenomenological consideration of the effective models sets an important constraint on the positivity of the coefficients for the quadratic terms in Eqs. (16) and (18), which we will revisit in Section 2.3.




2.2.3 Functional response

We next consider the first three types of functional response models that characterize how the CAR T-cells respond, or expand, in the presence of cancer cells. These models are defined as,

	

where p is the predator response, or CAR T-cell response rate, and g is the prey population density threshold at which predator behavior changes (e.g. fast-to-slow or slow-to-fast rates of killing). Functional responses model changes in predator hunting due to the prey density, generally defined with respect to some prey population threshold, here denoted as g. The population dependence on predator hunting behavior can also be interpreted as a handling time for distinguishing between time spent seeking prey, or recognizing cancer cells, and time spent consuming and attacking prey (19, 26, 27).

The three types of functional responses are graphed in Figure 3C. In a Type I functional response, the predator response is constant for all prey population sizes. The interpretation of this response is that there are no differences in time or cost between all predator functions (searching and capture). In a Type II functional response the predator response is linear at low prey density (mirroring a Type I behavior) yet saturates at high prey density. Finally, in a Type III functional response the predator response is low at low prey densities, reflecting the potential for cancer cells to escape immune surveillance, yet again saturates at high prey densities, with a linear response at intermediate prey densities.

As with the binding rate models, the rational forms of Types II and III functional responses present challenges to model discovery methods. Thus, we assume a significant level of effectiveness in CAR T-cell treatment such that the cancer cell population remains relatively low with respect to the functional response threshold, that is x < g, or x/g < 1. CAR T-cell effectiveness is demonstrated in Figure 1, where the control cancer cell population is shown to achieve a maximum population of approximately 6.5 CI, while the treatment population of E:T = 1:4 reaches a maximum population of approximately 2 CI. The approximation condition permits the use of a binomial expansion about x = 0 on the denominators for the Types II and III functional responses, resulting in,

	

Further assuming that contributions to the functional response models of   or greater are negligible, we terminate the expansions at   to arrive at the following effective functional response models,

	

It is important to highlight that the leading order term for the expansion for a Type II functional response is indistinguishable from a Type I functional response. This feature is reflected by the overlap in the graphs of the Type I and Type II responses presented in Figure 3, where the cancer cell population is small,  CI, compared to the value of g = 5 CI. As the cancer cell population increases, the density dependence of the CAR T-cells starts to take effect as demonstrated by the parabolic contribution of the Type II response. In contrast to this, the expansions for functional responses of Types II and III are significantly unique from one another. Specifically, only expansions for Type II can lead to odd-powered terms in x, and although both expansions can express similar even-powered terms, they come with different concavities. That is, at small cancer populations the Type II functional response is characterized as a concave down parabola, while the Type III functional response is characterized as a concave up parabola. This difference regarding the positivity of the terms that are of second-order dependence in x corresponds to the different density dependent behaviors of the CAR T-cells at small cancer cell populations, specifically that Type II is a fast-to-slow response rate while Type III is a slow-to-fast response rate.

By performing the approximations used to derive Eqs. (26)-(27), and using truncated terms, we have reduced the complexity of the functional response terms. This step will simplify the process of model discovery. However, since this step assumes that the prey population remains small compared to the functional response threshold, the number of terms needed in Eqs. (23)-(24) for accurate characterization of the system dynamics may vary as a result of experimental variation in the effector to target ratio of the CAR T-cells and the cancer cells. This variation in the effector to target ratio may also influence the structure of other interaction terms, specifically those pertaining to the single or paired binding dynamics.




2.2.4 Landscape of effective models

To gain a broader perspective of the overall form of our ODE models, we substitute the effective models for functional responses and antigen binding into Eqs. (1)-(2), arriving at,





where   again represents any of the potential growth-death models under consideration,   and   are redefined constants (both assumed to be positive) for the coefficients of the effective single and double binding models for the cancer cells,   and represents the combination of first order terms for CAR T-cell response and single binding,   and represents the potential second order term from the CAR T-cell response, and   represents the effective double binding model for the CAR T-cells. We have explicitly used ± notation to indicate that we do not know a priori the signs for the xy and   terms in Eq. (29), as these are determined by the relative contributions of Type I and first order Type II-like CAR T-cell responses and single antigen binding for the xy term, and whether or not second order Type II or first order Type III CAR T-cell response is occurring for the   term. The benefit of the approach demonstrates the presence and/or sign conventions of the various model coefficients that we determine using the SINDy model discovery algorithm can be directly interpreted in terms of different underlying biological phenomena.





2.3 Model discovery

Our implementation of the model discovery techniques of dynamic mode decomposition and sparse identification of non-linear dynamics (SINDy) is performed in two stages. First is latent variable analysis, the extraction of the latent variable representing the CAR T-cell population from the time-varying cancer cell population. The second step is implementation of SINDy, whereupon the functional terms of the underlying models describing the dynamical system are determined.



2.3.1 Latent variable analysis

Despite having only measured the initial and final CAR T-cell populations, we can utilize latent variable analysis to infer the hidden CAR T-cell dynamics from the cancer cell dynamics. We do this using the delay coordinate embedding of Taken’s Theorem to reconstruct the attractor of the system that is known to exist in more dimensions than those measured (13, 15, 57). The first step in this approach is to assemble a Hankel matrix,  , by stacking delayed time-series of the cancer cell measurements   as follows,



where  , known as the embedding delay, represents the size of the time-delay we use, and  , known as the embedding dimension, represents both the number of rows that we assemble in the Hankel matrix and, importantly, the number of anticipated latent variables we expect to find.

To minimize the effects of experimental noise on the results of Taken’s Theorem, we splined our cancer cell trajectories and re-sampled at the same experimental sampling rate of one measurement per 15 minutes. The function smooth.spline from the programming language R was used to perform the splining. This function uses cubic splines to approximate trajectories, with a penalty term to control for trajectory curvature. The number of knots used to spline each trajectory were determined by inspection, and are recorded in the analysis code available at https://github.com/alexbbrummer/CART_SINDy. Further details on the splining methods used are available in (57).

To determine optimal values for   and  , we can use two separate formulae to inform the decisions (58). The optimal time delay is determined by the value of   which minimizes the mutual information between measurements. This is done by dividing the interval   into   equally sized partitions, and calculating the probability   that a measurement of the time series is in the kth partition, and the probability   that a measurement   is in the hth partition while the neighboring measurement   is in the th partition. Mutual information is given by



The optimal time-delay to use for a given time series is selected by finding the value of   which results in the first minimum value in mutual information, or  . A graph of mutual information versus time delay is presented in Supplemental Figure S1A. For our cancer cell time series data, this optimal time delay value was found to be  .

To determine the embedding dimension,  , we calculate the number of false nearest neighbors to a given measurement as the time series is embedded in successively greater dimensional spaces. This calculation is done to ensure that the attractor constructed from the latent variables remains smooth upon embedding. We perform the calculation iteratively by starting with a point   in an  -dimensional embedding, and identifying a neighboring point   such that the distance between and   is less than a constant value typically chosen as the standard deviation of the data. Next, the normalized distance between the points   and   in the  -dimensional embedding is calculated using the following expression,



  is calculated across the entire time series and iteratively for greater embeddings,  . False nearest neighbors are identified when  , where   has been identified as satisfactory for most datasets (58). The ideal embedding dimension   is finally determined as that which results in a negligible fraction of false nearest neighbors. In Supplementary Figure S1B we present the calculated fraction of false nearest neighbors versus embedding the dimension. For our dataset, we identified   as the ideal embedding dimension, indicating the existence of one latent variable that we interpret as representing the CAR T-cell population.

Using values of   for the time delay and   for the embedding dimension results in the following form of the Hankel matrix,



To extract the latent variable that represents the CAR T-cell time series, we perform a singular value decomposition of the Hankel matrix,   (13, 15). Here, the columns of   represent scaled and standardized versions of both the original data in the first column, and approximations of the latent data in the subsequent columns. As our experimental procedure measured the initial and final CAR T-cell populations, our final step was to re-scale and offset the latent CAR T-cell variable extracted from the second column of  . We note that latent variable analysis is conducted on each trial for each experimental condition separately. In Figure 4 we present the measured cancer cells and CAR T-cells in addition to the discovered latent CAR T-cell time series for each effector to target ratio considered for the first of the two duplicate trials. In the Supplemental Material Figure S2 we present the results of the latent variable analysis for the second of the two duplicate trials.




Figure 4 | (A-C) Latent variable analysis results for first of two experimental replicates each E:T ratio examined. Presented are the cancer cell index measurements from the xCELLigence machine in red, overlaid with the splined measurements for the cancer cells in black; the two endpoint measurements for the CAR T-cell levels enumerated by flow cytometry in black, with the CAR T-cell population trajectory as determined by latent variable analysis in yellow, overlaid with the splined CAR T-cell trajectory in blue. Note that despite the CAR T-cell populations being measured with flow cytometry, we have converted levels to units of Cell Index for ease of comparison with the cancer cells, using a conversion factor of 1 CI ≈ 10,000 cells. (D-F) Predicted trajectories of discovered models compared to splined measurements of cancer cells and CAR T-cells for same data presented in (A-C). Splined cancer cell and CAR T-cell measurements are in black and blue, respectively. Predicted trajectories for cancer cells are the red dot-dashed lines, while the CAR T-cells are the purple dot-dashed lines. To examine stability of SINDy-discovered models, both simulations and forward predictions are presented to show steady-state behavior. Note that the best fits between predictions and measurements occur in the high E:T scenario, where assumptions made regarding treatment success and low cancer cell populations in determining model candidate terms are best adhered. As the E:T ratios get smaller, increasing deviation between discovered model predictions and splined measurements can be qualitatively observed. This is likely due to weakening of assumptions of treatment success and low cancer cell populations associated with the low E:T conditions. See Supplemental Material Figure S2 for equivalent latent variable analysis results and SINDy-predicted trajectories for the second set of experimental replicates.






2.3.2 Sparse identification of non-linear dynamics

SINDy is a data-driven methodology that discovers dynamical systems models through symbolic regression (13, 15). From a conceptual perspective, SINDy allows for the transformation of an analytical, first-order, non-linear dynamical systems model, expressed as



to a linearized matrix-model, expressed as



where   are numerical time-derivatives of our measured data,   is a library of candidate functions that may describe the data and is evaluated on the measured data, and   consists of the coefficients for the model terms from   that describe the time-varying data  . The objective of SINDy is to identify the sparsest version of  , where sparsity is defined as the compromise between fewest number of non-zero terms with the greatest level of accuracy. In the context of our measurements for populations of cancer cells,  , and CAR T-cells,  , and the anticipated models for cell growth and interactions,   takes the following form,



And   is expressed as,

 



By solving the matrix-inverse problem in Eq. (35), we can find the column vectors   that determine the coefficients for the model terms   that form the non-linear dynamical system best describing the measured data. To construct   and   from our duplicate trial experiments, the data from the repeated trials is stacked row-wise. Thus, only a single model will be discovered to explain all data for a given set of experimental conditions (e.g. effector-to-target ratios). Having repeat measurements is an important aspect for SINDy to converge on an accurate model, thus performing SINDy on averages of experimental trials undermines performance. For experimental conditions that have an abundance of experimental replicates, an AI-inspired division of data into training and testing sets can be conducted (59).

Once   and   have been constructed, a simple least-squares algorithm for solving Eq. (35) will result in a dense coefficient vector  , thus we enforce sparsity of the coefficient vector   through the method of sparse relaxed regularized regression (SR3) (60), where we seek optimization of the expression,



where   is the relaxed coefficient matrix that approximates  ,   is the regularization of  , and   and   are hyper parameters that control how precisely   approximates   and the strength of the regularization, respectively. For our problem, we chose to regularize under the   1-norm with  . To determine the value of  , we followed the approach taken in (39) in which we repeat the analysis for a range of   values from   to calculate Pareto fronts between the root-mean-squared error between the measured and subsequently predicted values of   and the number of active terms from our library. In Supplementary Figure S3 we present Pareto fronts for each of the experimental conditions for the varying effector to target ratios.

As discussed in Section 2.2, there are a variety of constraints we can expect for possible coefficients based on expected signs, or the absence of particular terms. An extension to SINDy allows for the incorporation of these constraints to ensure spurious terms are not discovered (61).

To make clear the constraints that were imposed, we can re-write Eq. (35) symbolically and in terms of the coefficients   as,





Then, the constraints that are imposed as per the anticipated effective models from Section 2.2 are,







while the other 6 coefficients in   are left to freely vary.

Implementation of SINDy SR3 with constraints was performed using PySindy, a package designed for a wide array of implementations of the SINDy algorithm for spatio-temporal model discovery written in the programming language Python (16, 17). Included in the Supplemental Material are the associated datasets and Jupyter notebooks used for this study.

Finally, we highlight that the implementation of SINDy which we are relying on is designed specifically for explicit ordinary differential equations. An extension of SINDy exists for discovering ODEs with ratios of polynomials (39, 40), however this variation requires a significantly greater volume of data than that which we could collect. This is the underlying motivation behind our efforts to derive the effective models, thereby converting them into explicit ODEs and making effective usage of the volume of experimental data available by the study methods most usable for model discovery.






3 Results



3.1 Discovered models and simulated comparison

Upon implementing SINDy on the CAR T-cell cancer cell killing data and performing the Pareto front analysis described in Section 2.3, we identified three distinct models describing the experimental data. Model selection is presented in Supplementary Figure S3, where we present the tradeoffs between model complexity, represented by the number of activated library terms, and either the threshold   or the root-mean-squared-error between the measured data and simulated data for each identified model. Our examination of the Pareto fronts found models with eight terms for E:T of 1:4, and 1:8, and a six term model for an E:T of 1:20. Below we summarize each of these models and in relation to how well they predict the measured data in Figure 4. We synthesize the coefficients and associated model categories for growth in Table 1 and for the CAR T-cell functional response and cell binding in Table 2.


Table 1 | Coefficients for discovered growth model terms across all effector to target ratios.




Table 2 | Coefficients for discovered interaction model terms across all effector to target ratios.





3.1.1 High E:T discovered model

For the E:T = 1:4 data, the SINDy-discovered model takes the following form,





Factoring the terms related to single-species growth, we arrive at,





From Eqs. (47)-(48) we can interpret the discovered types of growth models and interactions. For cancer cell growth in Eq. (47), the observable structure indicates a weak Allee effect, with a growth rate of   hrs-1, a carrying capacity of   CI, and an Allee constant of   CI. For the CAR T-cells we find a logistic growth model with growth rate   hrs-1 and carrying capacity   CI. From the coefficients of   CI-1 hrs-1 on   and   CI-2 hrs-1 on   for the CAR T-cells, we can infer a Type II functional response as the signs are positive and negative, respectively. Finally, the presence of an   term in the cancer cells with a coefficient of  CI-2 hrs-1 indicates the occurrence of double binding, notably in the absence of both the   term in the cancer cells and the   term in the CAR T-cells.




3.1.2 Medium E:T discovered model

The SINDy-discovered model for the E:T = 1:8 data takes the following form,





Factoring the terms related to single-species growth, we arrive at,





The model discovered for medium E:T is largely similar to that at high E:T. A weak Allee effect in growth is observed for the cancer cells, with growth rate   hrs-1, carrying capacity   CI, and Allee constant   CI, while a logistic growth is observed for the CAR T-cells with growth rate   hrs-1 and carrying capacity   CI. We also observe a Type II CAR T-cell functional response, again indicated from the sign of the coefficients of   CI-1 hrs-1 and   CI-2 hrs-1 on the   and   terms being positive and negative, respectively. Unlike the high E:T scenario however, here we find evidence only of single binding from the sole presence of an   term in the cancer cells with a coefficient of   CI-1 hrs-1.




3.1.3 Low E:T discovered model

Finally, for the E:T = 1:20 data the discovered model is,





Factoring the terms related to single-species growth, we arrive at,





In this scenario we find significantly different growth and interaction models. The cancer cells show logistic growth, with growth rate   hrs-1 and carrying capacity   CI, while the CAR T-cells have no growth model. This time, as the signs for the coefficients of   CI-1 hrs-1 and   CI-2 hrs-1 on the   and   terms for the CAR T-cells are now negative and positive, respectively, we infer a Type III functional response. Interestingly, we find a mixture of indicators for both single binding and double binding. This comes from the presence of only the   term in the cancer cell model with a coefficient of ã  CI-1 hrs-1, and of an   term in the CAR T-cell model with a coefficient of   CI-2 hrs-1.

All three E:T ratios of 1:4, 1:8, and 1:20 resulted in discovered models that accurately characterized the data, with root-mean-squared-errors of 0.02, 0.195, and 0.359, respectively. We highlight the discovery of consistent growth models of a weak Allee effect for the cancer cells and logistic growth for the CAR T-cells for the E:T ratios of 1:4 and 1:8. Importantly, the growth rates and carrying capacity for these scenarios were found to be comparable across E:T ratios. Interestingly, we observe a Type II functional response in the CAR T-cells functional response for both E:T = 1:4 and 1:8, and a transition to Type III for E:T = 1:20. Similarly, our discovered models indicate a transition from double to single binding as the E:T ratio changed from 1:4 to 1:8, and a model with mixed single and double binding terms was discovered for the E:T = 1:20.





3.2 Comparison with CARRGO model

We compared the data first model discovery methodology of SINDy against the CARRGO model, a traditional model first approach originally used to analyze and interpret the CAR T-cell killing dynamics (18, 25). The CARRGO model is defined as,






where we have expressed the parameter variables of the CARRGO model in terms of those used in the SINDy model for ease of comparison. From here we can see that the CARRGO model assumes logistic growth in the cancer cells, single binding between the cancer cells and CAR T-cells, a Type I functional response in the CAR T-cells, and exponential CAR T-cell death.

In Figure 5 are graphs of the best-fit versions of both the CARRGO model and SINDy discovered models for each E:T ratio. These fits were performed using the Levenberg-Marquadt optimization (LMO) algorithm, which requires initial guesses and bounds for each model parameter value. For the CARRGO model published parameter values were used for the starting guesses, while for the SINDy discovered models the discovered parameter values served as the guesses. Upper and lower bounds on the LMO search space were set at 80% and 120% of the originally identified parameter values, respectively, and are listed in the Supplemental Tables. In Table 3 we present the model-fitting statistics for the reduced chi-squared,  , Akaike information criteria (AIC), and Bayesian information criteria (BIC) methods, as well as the parameters determined by LMO. Importantly, we note that fits were performed on data points representing averages and ranges for the two experimental trials at each E:T ratio from only the measured data.




Figure 5 | Predictions of cell trajectories for E:T ratios of 1:4, 1:8, and 1:20 from CARRGO model (blue) and SINDy model (red). Model fits for both CARRGO and SINDy were performed using Levenberg-Marquadt Optimization (LMO) on data aggregated across experimental replicates. Initial LMO parameter value guesses were determined by parameter values from SINDy or from published CARRGO model values. Data points represent the mean of all experimental replicates, while error bars represent the ranges across replicates. Of note are the differences in CARRGO and SINDy model predictions for the final CAR T-cell values compared to measurements, and the notable difference in when the maximum CAR T-cell population is reached between CARRGO and SINDy models. Note that experimental measurements have been down-sampled to 25% to allow for visualization.




Table 3 | Fitting statistics for CARRGO and SINDy models and comparison of shared parameters.



We find that across the three statistical tests considered, the CARRGO model performs slightly better than the SINDy discovered models at E:T = 1:4 and E:T = 1:20, whereas the SINDy discovered model for E:T = 1:8 performed better than the CARRGO model (Table 3). Interestingly, the CARRGO model predictions for the CAR T-cell trajectories fail to intercept the final CAR T-cell values, whereas the SINDy discovered models do. This result highlights a key difference between these two approaches, particularly that the SINDy approach required generating a time-series trajectory for the CAR T-cells that enforced interception with the final CAR T-cell measurement. Alternatively, traditional optimization methods like LMO weight each data point by the range of measurement uncertainty, allowing for the possibility of significant deviation from the final CAR T-cell measurements as long as such deviations can be compensated with better fitting elsewhere amongst the data.

Another essential difference between the CARRGO and SINDy predictions regarding the CAR T-cell trajectories is the CAR T-cell response at the high E:T ratio of E:T = 1:4. Specifically, the CARRGO model predicts that the CAR T-cells reach a maximum population exceeding the maximum population of cancer cells. This result has significant translational implications for CAR T-cell therapy related to patient immune response that we address in the discussion section.

Despite the noted differences, the overall similarities between the CARRGO and SINDy models is demonstrated by the order of magnitude agreement in most shared parameter values, specifically the cancer cell growth rate  , the cancer cell carrying capacity  , and the CAR T-cell functional response coefficient   for the specific scenarios of E:T = 1:4 and E:T = 1:8 (Table 3). Taken together, these results demonstrate significant value in the SINDy methodology when compared to established procedures for parameter estimation.




3.3 Model stability

An important question in performing model discovery for dynamical systems is in relation to the overall stability. Automating the task of examining stability for every discovered model is challenging given the combination of symbolic computation with floating point coefficients. However, by predicting forward in time for each of the models and experimental replicates we can qualitatively characterize the stability (see Figure 4).

For the E:T = 1:4 scenario, both the data and model indicate complete cancer cell death, with the model accurately maintaining a cancer cell population of zero. We note that in several of the alternate discovered models produced by SINDy, the cancer cell population would become negative in the forward predicted regime. This unrealistic result can be used as an aide in ruling out alternative models.

For the E:T = 1:8 and 1:20 scenarios, both the data and models indicate cancer cell-CAR T-cell coexistence, with the forward predictions reaching non-oscillatory steady states. Despite the discovered models being the ones with the best accuracy, they all struggle to match the observed oscillatory frequency, particularly in the E:T = 1:20 scenario. These results demonstrate the capability of SINDy to discover models with variability in solution stability, a core feature of nonlinear dynamical systems.




3.4 Parameter identifiability

To better understand the rarity of the discovered models and their respective coefficients, we examined histograms for the coefficients of each of the model terms along the Pareto fronts for each E:T ratio, presented in Supplementary Figure S4. This approach allows us to qualitatively assess parameter identifiability by seeing the extent to which variability in coefficient values exists, and at the expense of prediction accuracy. For most active terms encountered, the coefficients corresponding to the selected models based on the Pareto front analysis were the most commonly occurring values until deactivation (elimination from discovered models). However, in a few situations we see that the coefficient values corresponding to the greatest model accuracy were relatively rare, and varied significantly as increasingly more terms were removed. This occurs in the coefficients for the   and   terms in the cancer cells for the E:T = 1:4 scenario in Supplementary Figure S4A, and the   and   terms in the cancer cells for both the E:T = 1:8 and 1:20 scenarios in Supplementary Figures S4B, C. These terms were shown to be the final remaining active terms in discovered model, suggesting that they are capable of capturing the greatest extent of variation in our cancer cell-CAR T-cell killing data. Of note once again is that amongst these dominant interaction terms we see a transition from those indicative of double binding at high E:T ratios to single binding at medium and low E:T ratios.





4 Discussion

We examined in vitro experimental CAR T-cell killing assay data for a human-derived glioblastoma cell line (Figure 1). From our results we infer transitions in the phenomenological killing behavior of the CAR T-cells as a consequence of varying their initial concentration compared to the cancer cells. Our discovered models predict that at high effector to target ratios (E:T = 1:4) the CAR T-cell levels respond according to a Type II functional response in which they survive and/or expand faster at low density, and slower at high density, and they predominantly form double binding conjugates with cancer cells prior to cell killing. At medium E:T ratios of E:T = 1:8 our discovered model again predicts the CAR T-cells undergoing a Type II functional response, but now forming only singly bound conjugates prior to cell killing. At low E:T ratios of E:T = 1:20 our discovered model predicts the CAR T-cells shift to a Type III functional response, in which they survive and/or expand slower at low density, and faster at high density. In this final scenario we find a mixture of single and double conjugate formation occurring. Finally, our discovered models predict the growth strategies of the cancer cells as being a weak Allee effect at high and medium E:T ratios, and logistic at low E:T ratios, while the cancer cells are predicted to follow logistic growth for high and medium E:T ratios. Model coefficients used to deduce these results are found in Tables 1 and 2, and model simulations and forward predictions are shown in Figure 4.

A crucial result of this work is the comparison between the data first approach of SINDy to the traditional model first approach of CARRGO. Despite the discovered SINDy models having more degrees of freedom (i.e. mathematical terms) than the CARRGO model, both models were found to perform comparably as indicated in Figure 5 and Table 3. Yet, there are key differences regarding the interpretation of these two approaches. Traditional model first approaches like the CARRGO model assume a strict individual model that may exhibit variation in its coefficients or model parameters to reflect variation in the underlying biology or experimental conditions. On the other hand, one of the strengths of the data first approach of SINDy is that these coefficient variations can be shifted onto discovery of altogether different model terms. As we show, these different terms can have direct interpretations related to the underlying biology and dynamics. For example in (18), variation in the CAR T-cell response due to changes in the experimental E:T ratio could only be indicated through variation in the coefficients of the Type I functional response term, or the value of   in Eq. (58). Specifically, increases in   were interpreted as a high CAR T-cell response rate, or CAR T-cell expansion, and decreases in   were interpreted as a low response rate, or as CAR T-cell exhaustion. Whereas the SINDy model predicts entirely different CAR T-cell functional response terms, providing greater interpretation of these transitions in the CAR T dynamics and biology. Specifically, a Type II functional response at high and medium E:T, or a fast-to-slow CAR T-cell response rate, and a Type III functional response at low E:T, or a slow-to-fast CAR T-cell response that is again suggestive of exhaustion.



4.1 Interpreting discovered coefficients

We demonstrate the value of the effective model parameters for inferring underlying biology by considering the high E:T model presented in Eqs. (47)-(48). In this scenario, a Type II functional response in the CAR T-cells is deduced from the negative sign on  , corresponding to the concave down parabolic nature of the CAR T-cell functional response with fast proliferation at low cancer cell density and slow proliferation at high cancer cell density (Figure 3). The implication that cancer cell killing is induced by double binding of CAR T-cells to cancer cells comes from multiple terms. The most direct indicator is  , where   with   representing the rate of cancer cell death from double conjugates, and   the rate of cancer cell death from single conjugates. Supporting indicators come from the positive sign on  , suggesting that the CAR T-cell death rate from single conjugate formation,   is small compared to the leading order CAR T-cell response rate,  . Further evidence is in the inactivation of the   term in the   equation with coefficient  . Here,   is the rate of cancer cell death from single conjugate formation, whose absence suggests that double binding formation is predominantly responsible for cancer cell death.

A similar analysis of model coefficients for the low and medium E:T ratio scenarios predicts a transition in the interactions between the CAR T-cells and cancer cells. Specifically, our approach predicts that the CAR T-cells form double conjugate pairs with high E:T ratios, then switch to single conjugate pairs at medium and low E:T ratios. Similarly, our results predict a transition in the functional response, indicating Type II functional responses in the CAR T-cells for high E:T ratios and Type III responses in the low E:T ratios. These transitions in detected model terms are phenomenologically consistent with the interactions being dependent on CAR T-cell density, and highlight the hypothesis generating strength of data first model discovery techniques. Namely, the prediction of CAR T-cell killing dynamics being dependent on the relative abundance of CAR T-cells compared to cancer cells. We next present several opportunities for experimental testing of these model predictions.




4.2 Challenges and limitations

A challenge to the implementation of SINDy is data sparsity. Despite having high temporal resolution of the cancer cell trajectories (1 measurement per 15 minutes), the CAR T-cell populations consisted of only the initial and final measurements. To resolve sparsity in the CAR T-cell levels, we used latent variable analysis to extract the CAR T-cell trajectory from an approximation to the attractor of the dynamical system as determined by the cancer cell trajectory. We note that in determining the dimensionality of the latent variable subspace, we selected an embedding dimension of   despite the appearance of further benefit in using an embedding dimension of  , as indicated in Supplementary Figure 2B. This choice was made due to our experimental limitations in only having flow cytometry data for the CAR T-cells at the initial and final time points, and no further data with which to constrain any additional latent variables. The existence of a second latent variable, as suggested by the third embedding dimension, could be due to single or double binding conjugates if the reaction rates are sufficiently slow, or, alternatively, a biochemical secretion that is modulating the cancer cell and CAR T-cell interactions. Future experimental and modeling efforts may further illuminate the nature of this third state variable, which we discuss in the Future directions section.

One potential limitation with latent variable analysis is that the trajectories retrieved through Taken’s Theorem are not guaranteed to be unique, but rather will be diffeomorphic to the true latent variable. That is, subject to topological stretching or skewing, which translates to variation in discovered model coefficients. This effect can be seen in Bakarji et al. (62), where the coefficients of the latent variables discovered for the two-state, predator-prey model are not in precise agreement to those used in the original simulation. However, it is important to note that the model terms discovered by SINDy with this methodology are biologically insightful, even though the coefficients multiplying the discovered model terms on latent variables may be subject to variation. Importantly, we provide further experimental information for the latent CAR-T cell variable through bounding of the initial and final CAR-T cell trajectory with direct measurements. Likewise, we only discover terms which are structurally identifiable through model inversion, minimizing the potential for diffeomorphic skewing of CAR-T cell trajectories to be discovered from Taken’s Theorem.

A second challenge is that our data in total consists of two trials for each effector-to-target ratio. While there exist SINDy implementations designed to discover models with ratios of polynomials, the approaches require prohibitively many experimental trials to ensure accuracy (39, 40). To resolve sparsity in the number of experimental trials, we derived effective interaction models of cancer cell and CAR T-cell dynamics from model ODE terms with ratios of the polynomials using binomial approximations. These effective interaction models allowed for the identification of multiple constraints on the library function space used in SINDy, and guided our inferential analysis of the discovered models.




4.3 Future directions and clinical applications

To validate the hypothesized binding and functional response dynamics, we propose two potential experiments. Both experiments rely on similar initial conditions as those conducted for this study, but in one we propose the use of bright field microscopy and live cell imaging to visually inspect CAR T-cell dynamics at different points in time and for the different E:T ratios. By tracking in real-time the growth, motility, and interactions of the different cells present, this approach ought to aide in distinguishing different cell phenotypes by identifying occurrences of single and double binding types as well as the different functional responses (63). The second experiment would be to conduct endpoint analyses using flow cytometry to determine the population of CAR T-cells throughout the trajectory. This experiment would test the different CAR T-cell predictions from the CARRGO model and the SINDy models, most notably the predicted time to reach maximum CAR T-cell populations (Figure 5). Furthermore, targeted staining can provide information on the number of CAR T-cell generations and the ratio of helper T-cells (CD4+) to cytotoxic, killer T-cells (CD8+). These metrics may better inform the number of true effector cells responsible for killing cancer cells, allowing for more accurate characterization of the CAR T-cell response. These experiments additionally serve to test the validity of our latent variable analysis, which uses the cancer cell trajectory to predict the CAR T-cell trajectory as presented in Figure 4. Future experiments will also extend this analysis to include other CAR designs, including evaluating the impact of costimulatory signaling, CAR affinity and target density on modeling of CAR T-cell killing dynamics.

These and other experiments are essential for introducing additional elements and agents present in the tumor microenvironment and for extending this work to in vivo applications. Currently, our implementation of SINDy is on a highly controlled experimental system in order to isolate the interaction dynamics between the CAR T-cells and the glioma cells and to validate the SINDy methodology. An important challenge to overcome is extending the SINDy framework to incorporate additional aspects of in vivo systems. To achieve this, intermediate experiments to conduct are killing assays in two- and three-dimensional in vitro tissue model systems that mimic the tumor microenvironment (64). The proposed experiments are crucial for adapting use of the SINDy framework for clinical applications.

The clinical relevance of the data first framework is in the domain of precision medicine. The approach naturally caters to in situ monitoring of patient response to therapy and forecasting future trajectories. An open question in this field is determining the sufficient number of early measurements necessary for accurate forecasting, and quantifying the extent of reliable forward prediction. This type of application falls under the field of control theory, in which real-time measurements for systems such as navigation, fluid dynamics and disease monitoring can inform model-based interventions (15). Control theory has been identified as a key tool in achieving optimized individual treatment outcomes, yet challenges are ever-present in parsimonious model selection. The SINDy methodology may help streamline and simplify the model selection process, while simultaneously incorporating control theory methods for treatment optimization. As an example related to the experiments considered here, one could envision a therapeutic intervention to administer more CAR T-cells in the low E:T ratio of 1:20 as soon as the Type III functional response and single binding dynamics are predicted in a patient. This intervention would serve to push the dynamics of the patients immune response into the double biding and Type II response regime, thereby improving therapeutic efficacy.





5 Conclusions

In this work we present the first, to our knowledge, application of the sparse identification of non-linear dynamics (SINDy) methodology to a real biological system. We used SINDy with highly time-resolved experimental data to discover biological mechanisms underlying CAR T-cell-cancer cell killing dynamics. Our implementation highlights the hypothesis generating potential of data-driven model discovery and illuminates challenges for future extensions and applications. To overcome challenges related to data limitation, we utilized latent variable analysis to construct the trajectory of the CAR T-cells, and we implemented binomial expansions to simplify specific model terms. Our results predict key mechanisms and transitions in the interaction dynamics between the CAR T-cells and cancer cells under different experimental conditions that may be encountered in the application of these therapies in human patients. Specifically, we identified transitions from double CAR T-cell binding to single CAR T-cell binding, and from fast-to-slow CAR T-cell responses (Type II) to slow-to-fast responses (Type III). Both transitions occur as a result of decreasing the relative abundances of CAR T-cells to cancer cells (initial E:T ratios). Importantly, these results demonstrate the potential for data first model discovery methods to provide deeper insight into the underlying dynamics and biology than model first approaches, and offer a new avenue for integrating predictive modeling into precision medicine and cancer therapy by an improved mechanistic understanding of cancer progression and efficacy of CAR T-cell therapy.
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RECISTv1.1 (Response Evaluation Criteria In Solid Tumors) is the most commonly used response grading criteria in early oncology trials. In this perspective, we argue that RECISTv1.1 is ambiguous regarding lesion-to-lesion variation that can introduce bias in decision making. We show theoretical examples of how lesion-to-lesion variability causes bias in RECISTv1.1, leading to misclassification of patient response. Next, we review immune checkpoint inhibitor (ICI) clinical trial data and find that lesion-to-lesion heterogeneity is widespread in ICI-treated patients. We illustrate the implications of ignoring lesion-to-lesion heterogeneity in interpreting biomarker data, selecting treatments for patients with progressive disease, and go/no-go decisions in drug development. Further, we propose that Quantitative Systems Pharmacology (QSP) models can aid in developing better metrics of patient response and treatment efficacy by capturing patient responses robustly by considering lesion-to-lesion heterogeneity. Overall, we believe patient response evaluation with an appreciation of lesion-to-lesion heterogeneity can potentially improve decision-making at the early stage of oncology drug development and benefit patient care.
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Introduction

Patients with stage IV cancer generally have primary lesions as well as metastatic lesions spread across multiple organs. Mounting evidence shows that each lesion differs in genetic mutations, clonal composition, pathophysiology, and this complexity results in differential response to therapy (1–4). The present method for scoring response to therapy, RECISTv1.1, yields a patient-level response based largely on an aggregate change in the sum of target lesion diameters without an appropriate appreciation of lesion-to-lesion heterogeneity. Here, we argue that tracking aggregate change leads to bias in decision making. Therefore, we advocate for lesion-level analysis in drug development decision-making (Go/No-Go decisions, biomarker analysis, identifying combination strategies) and to potentially inform clinical drug adjustment decisions. Further we also show Quantitative Systems Pharmacology (QSP) modeling approaches that explicitly include multiple lesions can be used for decision support.





Overview of RECIST v1.1

The Response Evaluation Criteria in Solid Tumors (RECIST) criteria are a set of guidelines for evaluating patient response to oncology treatment (5). There are several versions of RECIST, with version 1.1 being the standard method applied to virtually all oncology trials for solid tumors. Patient responses are classified into one of four strata: Complete Response (CR), Partial Response (PR), Stable Disease (SD), or Progressive Disease (PD). This classification occurs each time a patient receives a CT or MRI scan (usually every 6-8 weeks) and repeats until the end of the trial, patient death, or loss of follow-up.

The definition of each RECISTv1.1 response classification is shown in Table 1. When patients have multiple lesions, a subset of lesions is designated “target” lesions and measured at each scan (RECIST guidelines recommend target lesions should be representative lesions amenable to repeated measurement, up to 5 and no more than 2 per organ (5). The sum of their diameters is tracked and evaluated to determine patient response. The remaining lesions are designated “non-target” lesions and simply reported as present, absent, or progressing. If the number of lesions increases during the trial, these lesions are defined as new metastatic lesions. Complete Response requires the elimination of all target and non-target lesions and the absence of any new metastatic lesions. Partial Response requires a >30% reduction in the sum of target lesion diameters and the absence of non-target growth or appearance of new lesions. Disease progression is more complex. A patient is assigned a RECISTv1.1 classification of Progressive Disease if they show >20% growth in target lesions and/or unequivocal progression of non-target lesions and/or the appearance of new metastatic lesions.


Table 1 | RECIST v1.1 criteria for patient classification.






Biases in RECISTv1.1

Patient level outcomes tracked by RECIST hide important individual lesion level dynamics. Trial outcomes are commonly visualized by so-called “spaghetti plots” that display the change in the sum of lesion diameters for each patient over time (Figure 1A). End users may read these graphs as if they were derived from homogeneous responses across all lesions in the patient (Figure 1B). However, the reality is generally more complex (Figure 1C). While the patients in Figures 1B, C receive the same RECISTv1.1 classification (Stable Disease), these patients are different in clinically meaningful ways; inferences of drug efficacy and treatment approach should differ for each of them.




Figure 1 | Example trajectories of patients with a RECISTv1.1 classification of Stable Disease. Each of the circles represents individual lesions in the patients. The aggregate response is represented by arrows. (A) Shows the standard visualization of aggregate response to therapy based on the Sum of Longest Diameters. (B) Shows a patient with a homogeneous response while (C) shows a patient with a heterogeneous response at the lesion level. When aggregate diameter changes by >20% (shown in labelled dotted line), the patient is classified as Progressive Disease. When aggregate diameter changes by < -30% (shown in labelled dotted line), the patient is classified as a Partial Responder. When all lesions have disappeared, the patient is classified as a Completer Responder.



A RECISTv1.1 classification of Progressive Disease (PD) is generally considered drug failure (a lack or loss of efficacy). Three examples of PD are provided in Figure 2. The first patient is a prototypical example of drug failure. Every target lesion grows, every non-target lesion grows, and new metastatic lesions appear. Clearly, the investigational drug displays minimal or no efficacy in this patient. In the second patient, half of the target lesions grow while the other half shrink. This results in a classification of PD via non-target progression and/or the appearance of new metastatic lesions. Despite a RECISTv1.1 classification of PD, this patient gained meaningful benefit in half of their lesions. Assuming the goal is to minimize or eliminate all lesions, this investigational drug may be effective as part of a combination therapy. The third patient gains meaningful benefit in all pre-existing tumors but is classified as PD due to the appearance of a new metastatic lesion. New metastatic lesions can appear transiently before stabilizing or shrinking shortly after appearance (6). Although the drug displays clear and continuing efficacy in most lesions, it is considered to have failed the patient by RECISTv1.1.




Figure 2 | Patients classified as Progressive Disease can be very variable in the response of their target, non-target & appearance of metastatic lesions. Each of the circles represents individual lesions in the patients (Target Lesions: Filled Circles, Non-target Lesions: Open Circles, New Metastatic Lesions:Filled with bold border). The aggregate response is represented by arrows. When aggregate diameter changes by >20% (A)  (shown in labelled dotted line), the patient is classified as Progressive Disease. When aggregate diameter changes by < -30% (B) (shown in labelled dotted line), the patient is classified as a Partial Responder. When all lesions have disappeared, the patient is classified as a Completer Responder (C).



Criteria such as iRECIST have been developed to account for some variability seen in response to immunotherapy. The bias with new transient lesion can be avoided by using iRECIST criteria due to the need for PD classification to be confirmed on a follow-up scan (7). However, variability among the target lesion response will still not be captured by current scoring frameworks. Additional regulatory guidance may lead to broader adoption of iRECIST & other novel scores by drug development companies, thereby leading to better decision-making.

A recent study analyzing continuing effect of ICI (anti PD1) therapy in patients classified as PD from multiple trial data concluded that treatment beyond progression with ICI might be appropriate for selected patients (8). Adding a combination therapy to address progression while maintaining the original therapy to control responding lesions is being attempted as a strategy in several recent trials (9, 10). Results from such trials will inform future directions for clinical care.

In addition to vastly different patients being classified as PD, RECISTalso describes vastly different patients as Objective Responders (Complete or Partial Response). Figure 3A shows a prototypical Objective Responder. This patient is expected to gain a survival benefit from the investigational drug. However, Figure 3B shows an Objective Responder whose disease rebounds early in the trial and is unlikely to experience meaningful benefit. Since RECIST captures the “best overall response”, this patient can be classified as a responder. Figure 3C shows another Objective Responder that drops out of the trial early due to an adverse event. Again, this patient does not display an ideal response to therapy but is classified as Objective Responder. Figure 3D shows a patient that gains a stable 29% reduction in tumor burden but is not classified as an Objective Responder since the criterion is a 30% reduction. A continuous metric may provide a more meaningful interpretation of this data. Figure 3E shows a patient with prolonged stable disease. This patient likely benefits from therapy but is not considered a responder. Figure 3F shows a patient with transient progression that also appears to benefit from therapy but is also not considered an Objective Responder.




Figure 3 | Patients with very different trajectories can be classified as Objective Responders. (A) Shows a prototypical Objective Responder. However, (B, C) show patients classified as Objective Responders who may not show such ideal trajectories (shown in red arrow). In (B) a patient who briefly shows reduction is classified as an Objective Responder as duration of response is not accounted for when RECIST response is assigned. In (C) the patient is classified as an Objective Responder, even though they dropped out at the first point due to an Adverse Event (AE). Others who arguably benefit may still not be classified as Objective Responders (shown in green arrows in bottom row). (D) Shows a patient whose tumor has stabilized just above the dSLD < -30% threshold. (E) Shows a patient who shows clear benefit from the therapy as tumor growth is inhibited but will be considered a non-responder as the lesion has not shrunk. (F) Shows a patient with a new metastatic lesion who will be classified as Progressive Disease even though that lesion may shrink on further treatment.








Clinical data shows lesion-to-lesion heterogeneity

In a recent paper (11), we quantified lesion-to-lesion heterogeneity observed in patients with melanoma, NSCLC, and gastric cancer who were treated with pembrolizumab. Most patients displayed a mixture of growing, stable, and shrinking target lesions at the time of being classified as Progressive Disease (PD) (Figure 4). Figure shows a standard waterfall plot, with the bars representing the change in the sum of longest diameters for patients with melanoma that displayed primary progression (PD at first scan) on pembrolizumab therapy. Surprisingly, only 50% of these patients show a clinically meaningful increase in aggregate tumor burden (ΔSLD > +20%). More surprisingly, the change in size of individual lesions in these patients (dots) spanned a range of 120%. In other words, a patient with no net change in their sum of lesion diameters generally showed individual lesion responses ranging from -60% to +60%.




Figure 4 | In these figures, patients are ordered from worst aggregate response (greatest dSLD, Patient#1) to the best aggregate response (least dSLD, Patient #200). In (A) we show the dSLD in solid coloring & the variability in individual lesion change in diameters is also show as dots. The red dotted lines represent standard deviation of the lesions change in per patient. In (B) we show the fraction of growing (change in diameter >20%), stable & shrinking (change in diameter < -20%) lesions in each of the patients. Reproduced (11) from with permission.



Other groups have also pointed out the limitations of RECIST for classifying heterogeneous responses to immunotherapy (sometimes calling it ‘dissociated response’) and called for better ways to evaluate patient response (12–16). Although new guidelines (like iRECIST) have been developed to improve and complement RECISTv1.1 in cancer immunotherapy trials, the lesion-to-lesion heterogeneity remains largely underappreciated.





Implications of ignoring lesion-to-lesion heterogeneity in decision-making




Misleading interpretations of biomarkers sampling

Biomarkers are used to identify responder populations and generate insight into the mechanisms driving success or failure. In IO trials, however, biomarkers are usually analyzed from an archived tumor sample or a non-target lesion sample (17–19). While biomarkers are occasionally evaluated in target lesions, they are generally analyzed at the patient level, rather than at the lesion level. For patients with lesion-to-lesion heterogeneity, it can be unclear whether the biomarker result was derived from a growing or shrinking lesion. In Figure 2A, every lesion is growing; the tumor sample is from a growing lesion. However, in Figure 2B, only half of the lesions are growing. It is unclear whether the tumor sample was derived from a growing or shrinking lesion. In Figure 2C, all lesions were shrinking; the tumor sample was derived from a shrinking lesion, despite the patient-level characterization of Progressive Disease (PD). Our analysis of lesion-to-lesion heterogeneity in melanoma shows that only ~50% of target lesions progressed in PD patients (11). This suggests that approximately 50% of biomarker results in RECIST PD patients may be from lesions that shrink on treatment.

Potential solutions to this problem include collecting biomarker samples from target lesions (so we know whether the sampled lesions grew or shrank and samples at the time of progression). However, given the challenges of lesion biopsies, measuring circulating biomarkers like ctDNA (20) at baseline and at the time of progression to identify changes in biomarker prevalence may be more practical. More work needs to be done to understand the relationship between these biomarkers and lesion heterogeneity.





Does progressive disease justify drug discontinuation?

In early immune-oncology studies, RECISTv1.1 PD was listed as a cause for investigational treatment discontinuation that necessitated switching to a subsequent therapy. Several oncologists continued dosing despite the recommendation given that their patients were doing well, despite having Progressive Disease per RECISTv1.1 (21, 22). As a result, immunotherapy discontinuation decisions now rely upon alternative metrics, such as irRECIST, iRECIST, and WHO criteria (7, 23, 24).

Here, we propose a lesion-level treatment strategy. If all lesions are growing, the patient should switch to a new therapy. If all lesions are shrinking, the patient should remain on the existing therapy. Patients with a mixture of growing and shrinking lesions should do both (remain on existing while adding on a new therapy). and other such strategies for dealing with complexity and heterogeneity need to be tested in clinical trials as well as evaluated using in QSP models that account for lesion-to-lesion variability.





Personalized medicine focused on addressing every lesion

We have argued (25), based on simulation analysis of lesion-to-lesion heterogeneity, that checkpoint combinations may be ineffective for patients whose immunologically ‘hot’ lesions are already shrinking due to pembrolizumab; non-responding ‘cold’ lesions may be unaffected by other immunotherapies that depend on T-cell activation. In contrast, immunotherapy combinations may be most impactful for patients with ‘intermediate’ T-cell infiltration (‘warm’ lesions) that are inadequately controlled by a single checkpoint. For other patients, therapies effective against cold tumors (e.g., chemotherapy, oncolytic viruses, targeted therapy) may be more effective combination agents to eliminate non-responding lesions. Understanding individual paths to progression is critical for determining the right combination therapy to offer to a patient. This may be facilitated by on-therapy biomarker samples from progressing lesions or ctDNA samples at the time of progression. Of note, decisions about continuing or switching treatment in the context of heterogeneous response across metastatic lesions should be made on a case-by-case basis, taking into consideration multiple factors such as the patient’s disease history, molecular profile, and treatment goals.





Go/No-go decisions in drug development

Go/No-go decisions in early oncology drug development are driven by RECISTv1.1-based scores such as Objective Response Rate (ORR, % of patients who are classified CR+PR) and Progression-Free Survival (PFS) curves. Here we argue that patient-level (vs. lesion-level) definitions of efficacy can introduce bias into Go/No-Go decisions. First, RECISTv1.1 underestimates efficacy by classifying patients with mixed responses to therapy as having failed therapy. These patients benefit (in a subset of lesions), suggesting that the investigational agent may be effective as part of a combination therapy. Second, RECISTv1.1 underestimates efficacy in patients that are treated beyond progression. Approximately 50% of patients are treated beyond progression, many for prolonged periods of time (8). This suggests that many practitioners do not consider RECISTv1.1 PD as drug failure (lack or loss of efficacy). Third, ORR overestimates efficacy in patients who gain only transient benefit (due to rebound or intolerability). Chemotherapy, for example, tend to elicit better ORR but worse survival than ICI drugs. Finally, heterogeneity in biomarker samples can make it harder to identify responder populations.

We propose that the goal of cancer therapy is to shrink as many lesions as possible, as deeply as possible, for as long as possible. Thus, the first index in any improved scoring framework should include the percentage of lesions that are responding. It is important to know whether the investigational drug or combination controls a larger number of lesions per patient than standard of care regimens. The second and third indices are depth and duration of tumor response. This comprises an area under the curve calculation from the lesion-size-over-time spaghetti plot. However, instead of stopping the plot at the time of RECISTv1.1 progression, the curve would continue until the investigational drug is discontinued and a new therapy is initiated. This would provide high scores for patients who remain on therapy for prolonged periods of time, even RECISTv1.1 non-responders who display stable disease or transient progression.






Framework to incorporate lesion-to-lesion heterogeneity in QSP models to support drug development

QSP models in Immune-Oncology have been used in various stages of drug development to support decision-making (26–29) They play a unique role in enabling integration of knowledge and data from multiple trials among the quantitative approaches available to drug developers. QSP model developers should consider incorporating the complex nature of clinical responses including lesion-to-lesion variability. This allows for simulated trajectories to capture the various paths to Progressive Disease (PD) seen in the clinical data and a more nuanced understanding of how a novel therapy has performed in a clinical trial.

We recently published two mathematical models of immune-mediated tumor killing that incorporate lesion-to-lesion heterogeneity. The first paper (25) investigated the limited utility of combination immune therapy in melanoma patients with a mixture of “hot” and “cold” lesions. The second paper evaluated the propensity for patients to benefit from treatment with pembrolizumab beyond progression based on the nature of their original progressive disease (30).

The first paper developed a multi-scale model of tumor and immune cells interactions. In brief, the model included three levels: lesions, patients, and populations (Figure 5). This contrasts with models which have a single average lesion per patient. In each lesion, tumor cells were assumed to grow exponentially and can be killed by activated CD8 T cells. The multiple lesions within each patient were variable in many parameters, including initial number of cancer cells, growth rate, and immune infiltration (number of T Cells) (31). In addition, non-target lesion related factors leading to Progressive Disease were modeled as a probabilistic model dependent on tumor burden.




Figure 5 | Hierarchical development of QSP model that provides a framework to incorporate lesion-to-lesion heterogeneity i. A single well-mixed lesion with interactions between tumor & immune system ii. Multiple target lesions within a single Virtual Patient tracked. The multiple target lesions have different growth rates, sizes etc. When ΔSLD>+20%, the patient is classified as PD iii. A stochastic model periodically predicts the probability of non-target driven PD (any one of non-target lesion growth or metastases or drop-out for other reasons). At this stage, the patient can be classified as PD when such an event occurs iv. A Virtual Population with such VPs that is calibrated to be consistent with reported clinical data – such as waterfall charts, RECIST scores, PFS curves.



When QSP models are calibrated to capture population RECIST scores and progression over time, not explicitly accounting for individual causes of progression, it may hinder mechanistic understanding. For instance, a model of aggregate tumor burden may predict high efficacy for checkpoint combinations in most patients. However, when accounting for lesion-to-lesion variability, the model (25) predicted that adding ipilimumab to pembrolizumab had minimal effect on “hot” lesions (that responded well to pembrolizumab monotherapy) and cold lesions (that did not respond to either immune therapy). Instead, the combination was most effective in “warm” tumors and thus most impactful in patients with exclusively “hot” and “warm” tumors. These predictions need to be verified clinically but provide a framework to account for this complexity. In ongoing work, we connect such lesion level response to Progression Free Survival (PFS) and Overall Survival (OS) to gain additional mechanistic understanding and predictive capability (32).

The second paper evaluated salvage chemotherapy versus pembrolizumab beyond progression in a virtual clinical trial of patients with non-small cell lung cancer (NSCLC) who progressed on pembrolizumab (30). We applied empirical tumor growth models coupled with statistical sampling strategies to inform the probability of a given tumor lesion to respond to treatment beyond progression. Lesion level responses were simulated with organ-specific probabilities and magnitudes of response, as previously reported (14). Furthermore, a tumor-burden dependent probability of progression from non-target lesion growth or the appearance of new metastases was applied to facilitate the stratification of patients by the nature of their original progression.

While uniformly switching to salvage chemotherapy yielded better population-level outcomes than uniformly maintaining pembrolizumab beyond progression, there was a subset of patients for whom pembrolizumab beyond progression yielded longer progression-free survival. These patients tended to be those whose initial progression was due to non-target lesion growth or the appearance of new metastases – not those with target lesion growth (Figure 6). Prospective trials evaluating pembrolizumab beyond progression in this setting may be warranted.




Figure 6 | Treatment beyond progression may control tumor burden after nontarget progression on pembrolizumab. Median tumor burden in patients from an N=1000 simulated trial receiving pembrolizumab beyond progression (red) or salvage chemotherapy (cyan). (A) Patients with target progression without non-target progression or new metastases. (B) Patients with non-target progression or new metastases without target progression. Solid lines represent medians, while shaded regions indicate interquartile ranges. Reproduced from with permission.



Achieving systemic tumor control across all metastatic lesions is critical for long-term patient survival but remains a distant goal. High lesion-level response heterogeneity persists, conferring many dissociated responses across metastatic lesions. We developed a statistical metric - “Gower distance” to quantify response heterogeneity across metastatic lesion, which was found closely associated with drug efficacy and long-term patient survival (33). In addition, we developed mathematical models to investigate lesion-specific heterogeneity in terms of their dynamics in growth, response, and progression during treatment. We found that organ-level progression sequence is closely associated with long-term survival; in addition, patients with metastatic colorectal cancer whose first lesion-level progression occurs in the liver often have worse survival (15, 34).

Several groups have developed effective QSP models of immune-mediated tumor killing (35–38). Most QSP models develop Virtual Populations of patients with cancer and predict clinical outcomes assuming each patient has only a single average tumor (26, 27). This simplification may be appropriate in some cases (for example, in pre-clinical setting with a single lesion per animal or to explore tumor-immune interactions in a single lesion) but could result in misleading estimates of clinical efficacy when calibrated to RECISTv1.1 scores.

In the clinical setting, most patients display a mixed response due to inherent pathophysiological heterogeneity. Virtual patients in QSP models need to be more realistic to identify the combination therapies capable of generating broad and sustained responses in the clinic. It is encouraging to see more efforts in this direction (39).





Summary and next steps

	Lesion-to-lesion heterogeneity remains underappreciated in oncology trials. Mounting evidence shows that RECISTv1.1 criteria are too broad to adequately characterize patient benefit from therapy, especially cancer immunotherapy. We should include individual lesion responses to improve the assessment of drug efficacy and patient benefit.

	Ignoring lesion-to-lesion heterogeneity could bias our decision-making process in oncology trials. We should interpret individual lesion-derived biomarkers with caution, as they may not reflect the characteristics of other lesions. More attention should be paid to patients categorized as progressors per RECISTv1.1, as many of their lesions may still be responding or have already stabilized. For these patients, combination therapy should be considered over discontinuation of current treatment.

	We should work together within our cancer research community to develop and validate more data-driven approaches to evaluate drug efficacy. Lesion-to-lesion heterogeneity should be considered during the QSP model development, clinical trial simulations, and statistical modeling to support better decision-making.
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Immunotherapy is revolutionizing cancer therapy. The rapid development of new immunotherapeutic strategies to treat solid tumors is posing new challenges for preclinical research, demanding novel in vitro methods to test treatments. Such methods should meet specific requirements, such as enabling the evaluation of immune cell responses like cytotoxicity or cytokine release, and infiltration into the tumor microenvironment using cancer models representative of the original disease. They should allow high-throughput and high-content analysis, to evaluate the efficacy of treatments and understand immune-evasion processes to facilitate development of new therapeutic targets. Ideally, they should be suitable for personalized immunotherapy testing, providing information for patient stratification. Consequently, the application of in vitro 3-dimensional (3D) cell culture models, such as tumor spheroids and organoids, is rapidly expanding in the immunotherapeutic field, coupled with the development of novel imaging-based techniques and -omic analysis. In this paper, we review the recent advances in the development of in vitro 3D platforms applied to natural killer (NK) cell-based cancer immunotherapy studies, highlighting the benefits and limitations of the current methods, and discuss new concepts and future directions of the field.
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1 Introduction

Immunotherapy comprises a large set of therapeutical strategies aimed at using or improving immune cell activity against tumors. Natural killer (NK) cells are NKp46+ innate lymphocytes that participate in cancer immune surveillance, by eliminating tumor cells by cell-mediated cytotoxicity and pro-inflammatory cytokine release (1). Our ability to design efficient NK-based therapies requires broad knowledge of NK cell behavior in the tumor environment (TME) and screening platforms that reproduce such environments in vitro. NK cell activity has mostly been studied using two-dimensional (2D) cultures in vitro, and mouse models in vivo. These models have provided invaluable information in terms of phenotypic and functional characterization of NK cells. However, they present multiple limitations in terms of translational potential.

2D cell cultures are frequently used in research since they are easy to handle and well compatible with wide range of assays, especially if they involve cells growing in suspension, such as lymphocytes. However, a vast proportion of cells constituting human tissue are adherent. Generally, oxygen plasma-treated polystyrene surfaces in combination with serum-supplemented cell culture media are used to support cell adhesion and maintenance. Other materials that have been used in the microfluidic field and also demonstrated to be suitable for adherent cell growth include polydimethylsiloxane (PDMS) (2), cyclo-olefin polymer (3), polymethyl-methacrylate (4) and polycarbonate (5). Independently of the material used, adherent cells that interact with flat surfaces tend to distribute as monolayers. But cell monolayers are far from being representative of the three-dimensional (3D) architecture of the original tissue. The third dimension matters as the function of a cell in a tissue is dependent on its position in relation to the extracellular matrix (ECM) and the surrounding cells (6, 7). The composition of the ECM, cell-to-cell adhesion and mechanical stress contribute to cell proliferation, differentiation, and migration (8–11). The gradients of gas and nutrients in a tissue determine cell fate, shaping their metabolic and apoptotic programs (12–14). Chemotactic gradients modulate the direction and dynamics of cell migration (15). This combination of biomechanical and biochemical cues present in the tissues might have significant implications for NK cell-mediated tumor surveillance and response to treatment (16, 17). Since 2D cell cultures show multiple limitations in reproducing the original features of human tissues (18), their use for research is usually complemented with mouse models, such as genetically engineered mouse models, patient-derived tumor xenografts and humanized mice. Mouse models can provide valuable information on the aetiology and the progression of diseases, as well as safety of therapies, but they are not optimal models for immunotherapy screening and precision medicine. Mouse models are also very expensive, not suitable for high-throughput testing, and they do not fully recapitulate the stromal composition of human tissue.

To overcome these limitations, a wide variety of techniques have been developed and optimized for routine use of 3D cultures in biological research (18–21). 3D cultures are commonly categorized into scaffold-based and scaffold-free cultures. In scaffold-based 3D cultures, a substrate is provided to simulate the properties of ECM and promote cell adhesion (Figure 1A) (22–28), and they are commonly applied in bone and myocardial tissue regeneration (29). Scaffold-free 3D cultures rely on the formation of multicellular aggregates by promoting the adhesion of cells to each other rather than to a substrate (Figure 1B). Scaffold-free 3D cultures are low-cost and they guarantee high levels of reproducibility (18). Their main applications include studies of solid tumor models, immune cell-solid tumor interaction, drug screening and formation of organotypic models. The term “spheroids” generically refers to tight cellular aggregates with spherical shape (Figure 1B). They can be composed of multiple cell types (heterotypic spheroids) or a single cell type (homotypic spheroids). The term “organoids” usually refers to 3D cultures composed of multiple cell types with specific localization and roles within the aggregates, resembling the composition, organization and function of the original tissue (30). Such specialization within the organoids is usually obtained driving the differentiation of stem cells (induced-pluripotent stem cells (iPS), primary stem cells, adult stem cells) in vitro. In this regard, organoids are effectively small reproductions of organs in vitro (Figure 1C).




Figure 1 | Overview of 3D cultures. (A) Illustration of scaffold-based 3D cell culture. Scaffolds resemble the ECM composition and 3D architecture of human tissues, providing support for cells to grow and differentiate in vitro. (B) Illustration of scaffold-free 3D cell culture. Often the substrate (gray) is coated by a non-adhesive, inert chemical (beige), which promotes cell-to-cell interaction, ECM and growth factor release, leading to the formation of self-sustained 3D cell cultures in vitro. (C) The illustration depicts the general features of organoids, such as multicellular composition, defined cellular distribution, cell differentiation and basolateral specialization of functions, such as EMC production in the basal area and fluid release in the apical area of cells.



The boundaries between “spheroids” and “organoids” become less clear in the context of tumors, i.e. tissue that by definition lose structural and functional organization (31). For simplicity, we will collectively refer to 3D models used to recapitulate tumor tissue as “tumor spheroids”. In the following sections, we describe the currently available methods to characterize NK cell phenotype, cytotoxicity and infiltration in tumor spheroids, as well as their application in immunotherapy testing. The application of tumor spheroids in the NK cell field goes back to the late 70´, their use remained sporadic until very recently. Nowadays, the development of new tools for culture and data analysis is boosting the application of tumor spheroids in NK cell research.




2 Natural killer cells

NK cells are innate lymphocytes that promote immune surveillance and tissue homeostasis (32). Fast activation is one of the key features of NK cells, which contributed to their discovery: in 1975, R. Kiessling, E. Klein and H. Wigzell reported their identification of “naturally occurring lymphocytes” able to “spontaneously kill” mouse Moloney leukemia cells (33, 34). The term “spontaneously” referred to their ability to be cytotoxic in vitro within an hour, without requiring prior exposure to the same tumor cells (33, 34). Rapid effector functions and lack of prior sensitization markedly distinguishes NK cells from T cells, that require 6 hours (with co-stimulation) up to 30 hours (in the absence of co-stimulation) to be fully activated (35). Cell-mediated cytotoxicity and pro-inflammatory cytokine release are the most prominent NK cell effector functions (36). However, multiple NK cell subsets with varying functions have been reported since their discovery.

NK cells express the cell surface marker NKp46, and they can be found in the body as circulating or tissue-resident cells (37). Circulating NK cells, also called “conventional” NK cells, represent 5-15% of peripheral blood mononuclear cells (PBMCs). They constantly travel between spleen, lymph nodes and inflamed tissues using blood and lymphatic vessels (38). Tissue-resident NK cells can be found in the liver, lung, adipose tissue, and uterus during pregnancy (39).

Two main NK cell subsets have been characterized in humans: CD56Bright CD16- and CD56Dim CD16+ (40). CD56Bright CD16- NK cells are preferentially distributed in lymph nodes, tonsils, and uterus, and they show strong cytokine production (1, 41). CD56Dim CD16+ cells represent approximately 90% of circulating NK cells in blood and spleen, and their main features are cytotoxic activity and cytokine production (42). CD56Bright CD16- NK cells express high levels of CCR7 and L-selectin, while both receptors are absent on CD56Dim NK cells (43, 44). On the other hand, CD56Dim CD16+ NK cells present high levels of CXCR1, CX3CR1 and Chem23, chemokine receptors that drive their recruitment into inflamed tissues (45–47). Migration into peripheral tissues is assisted by additional adhesion proteins, such as low-affinity ligands for E-selectin and P-selectin, that promote leukocyte rolling on the vascular bed, and high-affinity integrins that mediate firm adhesion to endothelial cells and subsequent trans-endothelial migration (1).

NK cytolytic activity is mediated by both release of perforin/granzyme granules and death receptor activation (Figure 2) (48). Cytokines produced by NK cells comprise pro-inflammatory mediators, such as interferon γ (IFN-γ) and tumor necrosis factor-α (TNF-α), and immunosuppressive mediators, such as interleukin (IL)-10. NK cells also secrete growth factors, such as granulocyte macrophage colony-stimulating factor and granulocyte colony-stimulating factor (45), and several chemokines, including CCL2, CCL3, CCL4 and CCL5 (49). In addition, NK cells can perform antibody-depended cellular cytotoxicity (ADCC). ADCC is a potent type of cell-mediated cytotoxicity that relies on antibody crosslinking on the target cell (1). At early phases of immune responses, NK cells produce IFN-γ, promoting the immunoglobulin isotype switch towards IgG in B cells. At late phases of the immune responses and during antigen re-challenge, NK cells use the CD16a receptor, also called FcγRIIIa, to recognize target cells covered with IgG immunoglobulins. Such recognition induces a strong release of granzyme and perforin, that ultimately kills the target cell. ADCC also represents an example of cross-talk between NK cells and adaptive immunity.




Figure 2 | Overview of NK cell functions.



NK cell activation is regulated by a dynamic system of inhibitory and activating signals. This system mainly relies on cell surface receptors that discriminate between healthy and unhealthy cells (36). Thus, tumor cells become susceptible to NK cells due to increased expression of activating ligands and/or decreased expression of inhibitory ligands (50). The main NK cell activating receptors are CD16, NKG2D, DNAM-1 and the natural cytotoxicity receptors (NCRs) NKp30, NKp44 and NKp46 (51), while CD94/NKG2A (C-type Lectin superfamily glycoproteins) (51), TIGIT (52, 53), LAG-3 and TIM-3 are inhibitory receptors. In addition, NK cells express KIR receptors, which are encoded by the KIR polygenic and polymorphic locus that includes both activating and inhibitory variants. Two KIRs haplotypes have been characterized in humans, A and B, differing in the amount of inhibitory and activating KIRs, respectively (54). KIR receptors recognize the ubiquitously expressed HLA class I molecules (HLA-A, HLA-B, HLA-C). NK cells constantly undergo a process of education that finely tunes their responsiveness, optimizing their ability to mount an immune response against cells with reduced HLA class I expression (typically virus-infected and tumor cells), while maintaining tolerance to self (healthy tissues expressing HLA class I) (55–57). NK response is potentiated by co-stimulatory receptors, such as CD2 and 2B4, and cytokines, such as IL-2, IL-15, IL-12, IL-18 and IL-21 (58). Cytokine exposure, as well as receptor activation, can trigger the differentiation of memory NK subsets, defined as long-lived, self-renewing NK cells showing enhanced effector function and proliferative capacity during secondary exposure to pathogens (59).

The NK cell activities described so far are mainly pro-inflammatory. However, NK cells also play a major role in tissue homeostasis (Figure 2) (39). Such a role is well-exemplified by decidual NK cells (dNK). dNK cells are poorly cytotoxic tissue-resident NK cells found in pregnant endometrial tissue to orchestrate placenta development. First, dNK cells produce angiogenic factors to re-model the uterine arterial system (60, 61). Secondly, they control extra-villous trophoblast cell invasion of spiral arteries, releasing IL-8 and interferon-inducible protein-10 (IP-10) (62). Both steps are crucial for ensuring a positive outcome of pregnancy (63). NK cells exist also in the adult liver and adipose tissues. After liver damage, NK cells collaborate with macrophages and hepatic stellate cells (HSC) in the resolution of fibrosis. In addition, cytotoxic NK cells kill hepatic stellate cells, specifically discerning between quiescent and activated cells (64). In adipose tissue, NK can sustain a local Th1 response and contribute to obesity-associated metabolic disease (65). NK cells are also involved in the prevention of autoimmunity, being able to kill immature dendritic cells (DCs) (66) and activated T cells (67, 68). In this review, we have primarily focused on the use of spheroids cultures to study the role of NK cells in cancer immune surveillance. However, multiple 3D models have been developed to study dNK cells and their role in pregnancy (69–74).

NK cells are key players in cancer immune surveillance and a variety of NK cell-based therapies are currently being developed and tested in Phase I/II clinical trials. Their ability to perform ADCC is taken into consideration while designing antibody-based immunotherapeutic strategies, and a plethora of activating receptors and co-receptors are used to produce new chimeric antigen receptor (CAR)-NK products for cellular immunotherapy. Compared to T cells, NK cell-based therapies show a better safety profile, rarely inducing severe adverse effects such as cytokine release syndrome and neurotoxicity. In addition, NK cells are not involved in graft-versus-host disease reactions, allowing the development of cell products from multiple sources, such as allogenic donors, cell lines and iPS cells, without safety concerns. Despite being effective in the treatment of hematopoietic cancers, the efficacy of NK cells in solid tumors is dramatically suppressed by the TME. For instance, presence of hypoxia (75) and acidic pH (76) affect NK cell survival and activity in the solid tumors (76–81). Tumor cells and fibroblasts cooperate in producing soluble factors that directly suppress NK cells, such as TGF-β (82), indoleamine 2,3-dioxygenase (83), adenosine and prostaglandin E2 (84). Expression of NK receptors and/or their corresponding ligands is often affected by the tumor microenvironment leading to decreased tumor recognition by NK cells (85–87).

To better understand, predict and possibly target NK cell inhibition in the tumor microenvironment, tumor spheroid cultures that mimic solid cancers have been developed and adopted to NK cell research. In the next paragraphs, we will describe the currently available methods for spheroid formation applied to NK cell studies.




3 Methods of spheroid formation applied to NK cell studies



3.1 Spinner cultures

The application of spheroid cultures in the immunology field began in the late 70´ as models to study tumor allografts. Few methods of spheroid formation were available at that time, and the “spinner cultures” were among those. The method is based on culturing tumor cells in spinner flasks at constant stirring rates, promoting cell-to-cell interaction while preventing cell adhesion to the bottom of the flask (Figure 3A) (96). Sutherland et al. established mouse mammary sarcoma spheroids incubating cells in spinner flasks for 3-4 weeks (88). The spheroids were then exposed to allogenic mixed lymphocyte cultures (88) or implanted in the peritoneal cavity of allogenic mice (89–91) to study the effect of alloreactivity and immunization in solid tumors (88, 90). The spheroid implants could then be recovered to characterize the composition and the rate of immune cell infiltration (89, 91, 97). Similarly, Iwasaki et al. used the method to study the infiltration and cytolytic capacity of lymphokine activated killer (LAK) cells in human malignant glioma spheroids (98).




Figure 3 | Methods of spheroid formation applied to NK cell research. (A) Spinner cultures. Tumor cell suspensions are transferred into spinner flasks that provide constant agitation and promote cell aggregation. Spheroid formation is reached within days or a few weeks, depending on the adhesive properties of each cell type. Spheroids generated by spinner cultures have been exposed to allogenic lymphocyte cultures (upper panel to the right) and implanted in allogenic mice (lower panel to the right) to study NK cell infiltration and clearance of tumors (88–91). (B) Liquid-overlay method. Cell suspensions are seeded into standard culture plates pre-treated with non-adhesive coatings, such as agarose or poly-HEMA, that indirectly promote spheroid formation by preventing cell adhesion to the plate. Gravity and cell confinement in wells facilitate cell aggregation (spheroids are obtained within a few days). NK cells can be co-cultured with tumor spheroids to study their infiltration and cytotoxic capacity in vitro. (C) Hanging-drop cultures. Drops of cell suspension is dispensed onto a standard culture plate, that is turned upside-down. Surface tension and gravity enforce the formation of a single spheroid per drop within a few days. (D) Illustrations of hanging-drop platforms compatible with long-term and high-throughput spheroid cultures, based on the general features of 3D Biomatrix and InSphero plates. Multiple drops are formed by transferring cell suspension into the inlets of an array plate. Liquid reservoirs prevent drop evaporation. After spheroid formation, each drop is displaced into a single well of an ULA plate by pipetting additional medium on top of the inlets or by centrifugation. From this point, the hanging drop-derived spheroids can be used as described in the liquid-overlay section. (E) Schematic representation of the microfluidic platform developed by Ayuso et al. (92). The microfluidic device consists of a central chamber filled with collagen type I hydrogel, hanging drop-derived spheroids and NK cells. Antibody solutions are perfused through two lateral channels covered with endothelial cells. (F) Schematic representation of the MIVO device developed by Marrella et al. (93, 94). Alginate-derived spheroids are transferred into the top chamber of the MIVO device, which resembles a trans-well insert. NK cell suspensions are perfused through capillaries running under the chambers containing spheroids, allowing NK cells to migrate through the trans-well membrane and infiltrate the tumor spheroid (95). (G) USW-induced spheroid formation in microwell chip. Left panel: cells are seeded into a glass-bottom microwell array chip coated with non-adhesive coating. USW exposure induce the formation of single spheroids in the center of each well. This step is followed by a period of spheroid stabilization in the absence of USW. Once spheroids are formed, NK cells are seeded into the wells under USW exposure to promote NK cell-spheroid interaction. The characterization of NK cell infiltration and killing in tumor spheroids can be performed directly in the chip by imaging, or off-chip by retrieving the samples from the chambers. Right panel: illustration of the multichambered microwell chip with 16 chambers, each containing 36 microwells, giving a total of 576 microwells per chip.



The spinner culture method allows great flexibility in terms of number of spheroids obtained, since different quantities can be produced simply scaling up or down the number of cells seeded and the volume of culture medium. The method is also easy-to-use and cost-effective. Areas of intense cell proliferation and necrosis, as well as cell migration and cell-to-cell interaction were detected within the spinner culture spheroids by image analysis (96, 98–100), making the method suitable to study tumor progression in vitro. In addition, proteomic profiling of glioma spinner cultures revealed substantial differences compared to monolayer cultures in terms of metabolism, antigen presentation and HLA-E expression, allowing He et al. to study the role of NKG2A in tumor resistance to NK cell therapy (101).

Nowadays, the application of spinner cultures to NK cell studies is quite rare, due to the limitations of the method. Cell aggregation is simply driven by cell-to-cell collision, limiting the use of the spinner cultures to cell types that adhere to each other without additional support. The incubation time is cell type-dependent, and a large variation of spheroid size can be observed within the same experiment, while many applications require homogeneously shaped and sized spheroid. In addition, the optimal stirring rate to prevent cell adhesion to the flask bottom might differ across cell types, requiring optimization steps for each experimental setup. Lastly, the process of spheroid formation cannot be monitored directly due to the constant agitation, and the spheroids need to be transferred to a different plate or substrate to be visualized by microscopy.




3.2 Liquid-overlay method

A spheroid-formation method that addresses some of the limitations of spinner cultures is the liquid-overlay technique (102–104). This technique involves covering cell culture surfaces with a thin layer of non-adhesive coating, preventing cell attachment to the substrate, and therefore favoring cell-to-cell interaction (Figure 3B) (103). Cell suspensions are simply transferred on top of the coated plates, and stable spheroid formation is obtained in a few days (102, 104). The thin and the transparent coating allows direct assessment of spheroid formation with standard transmission and fluorescence microscopes, reducing the sample handling steps. The use of the coating itself reduces the optimization steps required in the spinner cultures to set the proper spinning rate for each cell type.

The mostly used non-adhesive coating is the agarose gel, obtained by dissolving agarose powder in distilled water or buffers (phosphate buffer solution, cell culture medium) at concentrations usually spanning from 0.5% to 1.5% w/v (weight/volume) (104–106). Another commonly used non-adhesive coating is poly-2-hydroxyethyl methylacrylate (poly-HEMA) dissolved in ethanol (107). Apart from the chemical composition, agarose and poly-HEMA gels also differ in preparation time and long-term stability. The preparation of poly-HEMA plates requires three days (107), while agarose coating can be performed in few hours (104). However, poly-HEMA coated plates can be stored long-term at room temperature, while agarose gels are less stable, and degradation might occur over long-term cell cultures (108). In the last decades, multiple coatings have been developed that are commercially available as liquid solutions or through buying pre-coated culture plates. An example is represented by the ultra-low attachment (ULA) plates. ULA-plates are cell culture plates pre-coated with hydrophilic and neutrally charged hydrogel that prevents cell adhesion to the plastic. They are single-use and available in multiple formats.

Similar to spinner cultures, spheroids generated with the liquid-overlay techniques show necrotic (104–106, 109) and hypoxic (110) cores, deposition of ECM rich in collagen (I, III, IV, V) (111), fibronectin and laminin (112–114), and cell-to-cell and cell-to-matrix communication (105). These features make the liquid overlay-derived spheroids biologically relevant in vitro models. The method has been used to characterize the cytolytic activity and infiltration of NK cells in human glioma spheroids (115, 116), correlating NK activity with morphological and physical changes of the spheroids, such as loss of surface coherence (115), formation of cytoplasmic blebs (111), chromatin condensation (111, 116) and weight variation (117). It has also been used to identify adhesion molecules (112), receptors (106, 112, 114, 118–120) and metabolic pathways (121) involved in NK cell infiltration and cytotoxicity, as well as to test therapeutic strategies that enhance NK cell activity (105, 110, 120, 122–128). Importantly, the liquid-overlay technique is compatible with the use of primary material (124, 129–131), allowing the maintenance of tumor tissue explants up to a few weeks in vitro, retaining connective tissue components, endothelial cells, macrophage-like cells and blood capillaries (116).

The simplicity and scalability of the liquid-overlay technique contributed to the vast application of this method to multiple areas of biology research, especially immunology. However, the method still presents some flaws. Compared to spinner flasks, tumor cells are subjected to even less forces inducing cell-to-cell interaction, as the method solely relies on cell self-aggregation in the absence of substrate anchorage. Accordingly, a substantial number of solid tumor-derived cell lines fail to form anything but loose cell aggregates rather than compact spheroids in the liquid-overlay platform (102, 104, 107). Interestingly, very low success rate of spheroid formation is observed using healthy, non-cancerogenic cells (102, 104).

The ECM is essential player in cell-to-cell adhesion (132), and the quantity and the quality of ECM production by various cell types might influence their ability to form spheroids. Accordingly, the addition of ECM components to the liquid-overlay cultures has been shown to increase the spheroid tightness in some tumor models (107). Another strategy to improve the success rate of spheroid formation is to use U-bottom multi-well plates: gravity forces combined with the U-shaped well geometry promote cell sedimentation in the middle of the well, increasing the probability of cell-to-cell interactions. This strategy addresses the issue of multiple and heterogeneous spheroid formation, as single and homogeneous spheroids per well are more frequently obtained compared to other plate formats. In addition, spheroid confinement in a single well facilitates the detection of qualitative and quantitative spheroid changes over time by live-imaging. However, the U-shape and the optical properties of the commonly used plastic surfaces are not compatible with high-quality and high-resolution imaging, and sample transferring is still required for detailed analysis of biological processes, possibly affecting the integrity of the sample.




3.3 Hanging-drop method

The hanging-drop method is another popular technique for spheroid formation (133). Hanging drop cultures can be obtained by simply dispensing small aliquots of cell suspension (15-25 μl) in a plate, which is subsequently placed upside-down (Figure 3C). Gravity enforces cell assembly at the liquid-air interface at the bottom of the hanging drops, and one-spheroid per drop is usually obtained within a few days (133–135). The liquid drops are preserved due to surface tension but evaporation needs to be limited in long-term cultures to maintain appropriate osmolality levels (136).

Tung et al. developed a hanging drop platform for long-term culture and high-throughput analysis (136). Cell suspensions is pipetted into the 384 holes of an array plate, where the hydrophilic surface and gravity favor the formation of the hanging drops. Liquid reservoirs at the edge of the plate and a tray filled with water provides humidity while a plate lid limits evaporation (136). This implementation overcomes some drawbacks of the original hanging-drop method, such as rapid dehydration and laborious sample handling. This platform is commercially available in multiple formats from 3D Biomatrix.

InSphero developed a user-friendly hanging-drop platform compatible with long-term cultures and high-quality imaging. The InSphero culture system follows the 3D Biomatrix design, with a hanging-drop array made of multiple inlets inserted between a lid and a liquid reservoir (137). A distinct feature of the InSphero method is that the formed spheroids are transferred into a ULA-plate (Gravity-Trap ULA plate or Akura plates) by adding liquid on top of the inlets or by centrifugation. The spheroids can be maintained in the ULA plates for long-term culture, where liquid evaporation occurs at slow rate, and media exchange can easily be performed (138). The spheroids are confined in a small area (1 mm-diameter) at the bottom of the well, which is flat and made of thin clear plastic, facilitating live, automated and high-quality imaging (138–140). A similar implementation is also available nowadays from 3D Biomatrix (Figure 3D). The 3D Biomatrix and InSphero platforms are compatible with both manual and fully automated handling.

The hanging drop method generates spheroids from a variety of cell types, such as tumor cell lines or cells derived primary tumors or healthy tissue (102, 125, 133). Cell differentiation and extensive secretion of extracellular matrix (133), as well as inner regions of necrosis and hypoxia (141) have been described. Herter et al. obtained heterotypic spheroids of adenocarcinoma cells and fibroblasts (142). The heterotypic spheroid model has been used to evaluate the combinatorial effect of IL-2 variant and tumor- or fibroblast-targeted T cell bispecific antibodies on T, NK and NKT cell activation, cytokine and chemokine secretion, spheroid killing and infiltration (142). Interestingly, the fibroblasts spontaneously arranged in the spheroid core, as also reported by others using different cell types and spheroid culture methods (122, 139, 142). The hanging drop technique has also been applied to immune therapy screening, for instance to test the effect of rituximab on NK cell ADCC in primary follicular lymphoma spheroids (125), and to evaluate different protocols of NK cell activation in colorectal carcinoma models (135). In summary, the hanging drop method is an easy-to-use technique to generate biologically relevant tumor models in vitro, it is compatible with multiple end-point assays, live and high-quality imaging, and high-throughput screening. However, the hanging-drop method does not fully address the problem of heterogeneous structural integrity between cell lines, as multiple cases of loose aggregates can be found literature (133).




3.4 Scaffold-based spheroid cultures

In vivo, NK cells migrate through the supportive tissue, and the stroma composition influences their infiltrative capacity, as well as tumor aggressiveness and therapeutic responses. Similarly, the spheroid stiffness, together with the amount and the composition of the ECM, shapes NK cell activity in vitro (112, 115, 143, 144). Therefore, the properties of the ECM should be considered when evaluating NK cell-spheroid interactions.

A strategy to include ECM-like conditions and chemokine gradients in the assays is to introduce scaffolds in the cultures. Examples of such scaffolds are hydrogels or porous inserts that can be obtained from animals (e.g., fibrous gelatin, collagen, Matrigel, chitosan, hyaluronic acid, silk fibroin), plants (e.g., alginate) or by synthetic production (e.g., polyethylene glycol, polylactic acid, poly-ϵ-caprolactone, polyurethans) (24, 25, 28, 145). Scaffolds used in NK cell 3D research are mostly hydrogel-based, and they include Matrigel (95, 144, 146), collagen type I hydrogels (92, 143, 147–149), alginate hydrogel (95, 150) and functionalized hydrogel based on polyethylene glycol (PEG) (151).

Schnalzger el al. established heterotypic cultures of normal and tumor colon organoids together with primary fibroblasts in Matrigel to evaluate the efficacy and the specificity of EpCAM-CAR-NK92 cells (144). Similarly, Gopal et al. tested NK92-CD16 cytotoxicity in combination with chemotherapy and antibody-based immunotherapy against pancreatic and breast cancer cells embedded in Matrigel, using a newly designed high-throughput micropillar-microwell sandwich platform (146).

Ayuso et al. combined the use of hanging drop spheroid formation (scaffold-free method), rat-derived collagen type I hydrogel (scaffold-based method) and microfluidics to study antibody penetration, ADCC, and NK cell chemotactic migration and infiltration in breast cancer spheroids (Figure 3E) (92). This microfluidic device consisted of a central chamber filled with collagen type I hydrogel, flanked by two lateral lumens covered with endothelial cells to mimic blood vessels. Hanging drop-derived spheroids were transferred into the central chamber and embedded together with NK cells in collagen, while a solution containing IL-2-conjugated CD16-EpCAM bispecific antibody was perfused through the later lumens. Using this method, the authors could follow the dynamic of antibody penetration, NK cell chemotactic migration and ADCC by imaging (92).

Marrella et al. developed alginate spheres to study the effect of IFN-γ exposure on NK cell ligand expression in neuroblastoma spheroids (150). The same group combined the use of alginate spheres with the MIVO fluidic platform (93, 94) to study the mechanisms of NK cell extravasation and tumor infiltration (Figure 3F) (95). The MIVO platform consists of a trans-well system connected to a closed-loop fluidic circuit (93, 94). The top chamber of the trans-well (donor chamber) contained alginate-derived neuroblastoma spheroids. NK cells were constantly perfused through the bottom chamber (receiver chambers) and the capillaries of the fluidic circuit, which mimics the blood circulation. The porous membrane physically separating the donor and the receiver chambers prevented alginate spheres to fall into the receiver chamber (95). The spheroids and the cell suspension could be recovered and used for a variety of end-point analysis. For instance, the authors used flow cytometry to compare the proportion of CD16+ CD45+ cells in circulating, extravasated and spheroid-infiltrated NK cells (95).

Animal- and plant-derived hydrogels, such as collagen and Matrigel, present some limitations, such as batch-to-batch variability, long-term instability, cell degradation and immunogenicity, therefore synthetic hydrogels might be preferred for some applications (28). For instance, Temple et al. developed arginine-glycine-aspartic acid functionalized PEG hydrogels to study the effect of matrix metalloproteinases and integrins on NK cells migration (151). The authors also showed decreased NK cell infiltration in non-small lung cancer 3D cultures releasing soluble MICA and TGF-β (151).

The scaffold-based spheroid cultures are biologically relevant systems to study leukocyte transmigration and tissue infiltration, however they are often not compatible with high-throughput screening and live cell imaging. This, combined with the fact that the procedures to recover cells from the hydrogels are quite laborious, limits their large-scale application, and it is one of the reasons why scaffold-free technologies are still usually preferred.




3.5 Miniaturized platforms for spheroid studies

Another strategy to enhance the interplay of spheroid and NK cells is the use miniaturized cell culture platforms. In miniaturized platforms, the well dimensions are tailored to the spheroid dimension, ensuring physical confinement, facilitating cell detection and cell-to-cell interaction. The miniaturization scales down the volumes and cell number required to set up and maintain cultures, enabling spheroid formation when the material is scarce (as with many patient samples). We already described a few examples of scaffold-based microfluidic and miniaturized platforms in the previous paragraph (146, 148). Here, we will focus on scaffold-free miniaturized spheroid cultures for NK cell research.

Nguyen et al. designed a miniaturized microfluidic platform to enhance NK interaction with tumor and cardiac spheroids and study the specificity of NK cell killing and the secondary effects on healthy tissue (152). Their microchip, adapted from the Akura Flow MPS discovery platform (153), features two individual perfusion channels with 10 communicating compartments and medium reservoirs at both ends (152, 153). Spheroids were formed in ULA plates and then transferred into the compartments, and NK cells were introduced to the cultures through the medium reservoirs. Perfusion across the medium reservoirs and the spheroid compartments, and therefore NK-spheroid interaction, was driven by gravity simply tilting the microchip along its long axis. The process is automated using a tilting stage (152, 153). The authors showed the relevance of the method by perfusing umbilical cord blood (UCB)-derived NK cells into colorectal tumor spheroids and cardiac microtissues placed in distinct communing compartments. The experiment demonstrated the specificity of UCB-NK cell cytotoxicity towards colorectal tumor spheroids, but it also showed the presence of infiltrating UCB-NK cells in the cardiac spheroids along with signs of arrhythmia, possibly induced by pro-inflammatory cytokines detected in the supernatant (152). Cells and culture medium can easily be recovered by pipetting for cellular and proteomic analysis, while end-point imaging can be performed directly on the chip. However, dynamic of NK cell adhesion and infiltration cannot be entirely followed by live imaging, due to the tilting procedure, and the spheroid culture cannot be performed directly on the microchip.

Our group has developed a scaffold-free microwell chip platform to study the dynamics of NK cells in tumor spheroids (154–156). One of the main advantages of this platform is that all the experimental phases (spheroid formation, treatment and NK cell incubation, analysis) can be performed on the chip, which is compatible with high-resolution and live cell imaging. Spheroids and NK cells can also be retrieved by standard pipetting for off-chip analysis (155). The spheroid formation is obtained by seeding cell suspensions in a silicon microwell array chip covered with a non-adhesive coating and inducing cell aggregation by ultrasonic standing waves (USW) (Figure 3G) (155, 156). In microfluidics and other miniaturized systems, ultrasound has found use in various applications where either suspended cells or the fluid is manipulated by acoustic radiation pressure. This technology field is often called microscale acoustofluidics (157). We specifically use this technology to induce cell aggregation and formation of single, homogeneous and compact spheroids in each well (154, 158–161). When the USW is turned off, cellular production of ECM proteins and formation of tight intercellular connections continue, enabling long-term spheroid cultures. Importantly, acoustic trapping is also performed while setting up the co-cultures, to induce NK cell-spheroid interaction (156, 161). Importantly, the physical force field of the USW is gentle to cells even at long continuous exposures (several days) (157).

Different microwell chip designs have been developed during the years (155, 156, 159, 161). The most recent is a multichambered microwell chip, with 16 compartments each containing 36 microwells, allowing the simultaneous production and analysis of 576 spheroids (36 spheroid replicates for each experimental condition) (156). The microwell array is made in silicon, which is bonded to a glass bottom layer that is compatible with high-quality imaging. A thin and transparent non-adhesive coating is applied at the bottom of the wells to prevent cell adhesion (162). A PDMS frame separates the wells into compartments serving as liquid reservoirs (typically 50 μl are used for each compartment). Contamination and evaporation are prevented by placing a coverslip on top of the PDMS frame (156).

Fast image acquisition combined with high-resolution imaging enables high-throughput screening at chamber levels with detailed analysis of biological processes at the single microwell level. The method allowed studies of how combinatorial treatments affect NK cell infiltration and activity in tumor spheroids, quantifying the amount and the timing of killing (155). The method is also compatible with the formation of a wide range of homotypic spheroids (kidney, thyroid, ovarian, hepatic, non-small lung cancer cell carcinomas) (155, 156, 161), heterotypic and patient-derived spheroids (unpublished results), the latter particularly facilitated by the low material requirement.

The main limitations of the miniaturized platforms described here are related to the number of conditions that can be tested in parallel and the number of cells that can be retrieved from the chips for further analysis.

In this section, we have described the methods used for spheroid formation in the field of NK cell research. Each technique presents advantages and limitations, which should be carefully evaluated when choosing experimental strategy. The choice of method to use should be driven by two main questions: Which method provides the most relevant 3D features to study the mechanisms of interest? Which method is compatible with the analysis/assays we want to perform? In the next section, we will describe the available assays to characterize NK cell behavior and phenotype in cancer spheroids.





4 Methods to study NK cell activity in tumor spheroids

The discovery of novel cell types and their characterization is closely related to our ability to detect their function. As a matter of fact, various immune cell types have been identified through observation of their activity, which historically preceded their phenotypic characterization. This is also the case for NK cells, initially identified for their ability to “spontaneously kill” tumor cells in vitro (40, 163, 164), and later characterized for their serial killing capacity in single cell screening assays (165–167). A variety of well-established assays and cutting-edge technologies are routinely used to screen NK cell activity on tumor cell monolayers (165, 167–174). However, a limited number of them is suitable for studying NK cell cytotoxicity in tumor spheroids.

Compared to 2D systems, developing functional assays for 3D cultures is more demanding. The challenges are intrinsically related to the physical properties of the spheroids. Accurate imaging of 3D objects beyond ≈50 μm is challenging. High cellular density and ECM deposition generate light scattering, limiting the detection of NK cytotoxicity in the inner areas of the spheroids. Therefore, enzymatic dissociation or tissue sectioning are performed to isolate and characterize infiltrating NK cells, but these processes cause loss of spatial information and dynamics. In addition, introducing sample processing steps slows down the analysis and might cause experimental artifacts. Consequently, very few technologies that combine high-throughput cytotoxicity screening and high-resolution analysis of killing mechanisms are available, and multiple methodologies might be required to fully dissect NK cytotoxicity in tumor spheroids.

A lot of research is currently undergoing to overcome these limitations. In this section, we describe the methodologies described in literature.



4.1 Bulk assays or methods based on radioisotope-cell labeling and luminescence

Traditionally, Chromium-51 (51Cr) release assay has been the gold-standard method to quantify NK cell cytotoxicity against tumor cell suspension or monolayers (175). The procedure involves culturing NK cells with tumor cells pre-labeled with sodium chromate. NK cell cytolytic activity causes loss of tumor cell membrane integrity, and consequent release of 51Cr radioisotope in the supernatant, which can be detected by either γ or β counters. Thus, quantification of the released 51Cr is a measurement of NK cell cytotoxicity. Being quantitative, 51Cr release assay is particularly adapted to compare the susceptibility of different cell types to various immunotherapeutic treatments (175).

51Cr release assay has also been used to study NK cell cytotoxicity against tumor spheroids (115, 129, 130, 176), coupling the conventional quantification of killing with the identification of dead areas by autoradiography (115). While ensuring high sensitivity, the use of radioactive material also represents the main limitation of the method. Multiple precautions should be taken while using 51Cr to ensure the staff safety and proper waste disposal, and license to work with radioactivity must be granted. This limitation motivated the development of colorimetric and luminescence assays to measure the release of non-radioactive intracellular contents, such as lactate dehydrogenase (LDH) and adenosine 5´-triphosphate.

LHD is a cytosolic enzyme that catalyses the conversion of lactate to pyruvate via NAD+ reduction to NADH. NADH is a used by the reductase as co-factor to catalyze reduction reactions. A typical strategy to measure the LHD released in the supernatants of NK and spheroid co-cultures is to use a mix containing the reductase, its substrate, together with lactate and NAD. For instance, the LHD assay has been used by Murphy et al. to show the importance of addressing hypoxia to improve the efficacy of cell therapy (110). To increase the oxygen supply in the spheroid core, they developed biocompatible poly(lactic-co-glycolic) manganese dioxide nanoparticles (PLGA-MnO2 NPs) that catalyse oxygen production from tumor-derived hydrogen peroxide. By treating hypoxic breast cancer spheroids with PLGA-MnO2 NPs, they demonstrated a decreased presence of HIF-1α+ tumor cells in the core associated with a significant reduction of immunosuppressive factors such as adenosine and lactate production. This phenotype was accompanied by an increased NK cell-mediated cytotoxicity and IFN-γ production in the treated spheroids (110).

Bulk methods are high-throughput, therefore good for screening NK activity against multiple targets and combinatorial treatments. However, they provide no information about cell phenotype, neither the kinetics and the localization of NK cell killing and infiltration. Therefore, they are mainly used as end-point assays for screening multiple conditions, sometimes used as a guide for finding the best experimental conditions and performing more detailed analysis by flow cytometry or imaging.




4.2 Flow cytometry of tumor spheroids

Flow cytometry provides a rapid, quantitative and multi-parametric analysis of single cells. Applications of standard flow cytometry include identification of cell types based on lineage markers, quantitative expression of membrane-bound and intracellular molecules, and analysis of cell status and function. The multi-parametric power of flow cytometry mostly derives from the ability to collect and differentiate multiple fluorophores. Depending on the number of lasers, detectors and filter combinations, the most recent configurations of commercially available flow cytometers can discriminate more than 30 different emitting fluorophores (177–179). Flow cytometers can detect cells and particles within 0.2-150 μm in diameter, although the use specialized systems can allow the detection outside this range.

Flow cytometry is frequently applied to spheroid research as end-point assay to quantify NK cell infiltration, characterize the viability, proliferation and phenotype of NK cells and tumor cells isolated from spheroid cultures, and to analyze functional parameters, such as degranulation and cytokine production of spheroid-infiltrating NK cells. A strategy to separate spheroid-infiltrating NK cells from extra-tumoral NK cells is to collect the culture supernatant (extra-tumoral NK cell fraction) and the spheroid mass (spheroid-infiltrating NK cell fraction) in different tubes prior to tissue processing and immunostaining (106, 112, 119, 180). Flow cytometry analysis of the two fractions showed enrichment of NK cells and CD8+ T cells in the spheroid core (112, 119), demonstrating a better infiltrative ability of these two populations compared to CD4+ T cells, further enhanced by IL-15 activation (119).

Similar to what has been observed in tumor patients (118), spheroid-infiltrating NK cells tend to lose the expression of NKG2D and DNAM-1 (119, 124). NK2GD expression could be partially restored by blocking MICA/B, contributing to better NK cell cytotoxicity and infiltration (119). The levels of soluble NKG2D ligands are high in the plasma obtained from tumor patients, and their levels tend to decrease after surgery, further proving their implication in cancer progression. In line with that, Giannattasio et al. showed abundant shedding of NKG2D ligands in cervical carcinoma spheroids, associated with decreased expression of the membrane-bound form (106). Increased HLA class I expression has also been observed in tumor spheroids compared to monolayer cultures (181).

NK cell cytotoxicity can be analyzed by flow cytometry calculating the percentage of dead tumor cells, identified with apoptotic markers and/or cell impermeant dyes. Combinatorial staining with Annexin V and 7-AAD or propidium iodine staining is frequently used to quantify early and late apoptosis of spheroid-derived tumor cells and NK cells (119, 125, 180, 182, 183). Veneziani et al. performed flow cytometry analysis of patient-derived neuroblastoma spheroids co-cultured with NK cells and Nutlin-3, characterizing the phenotype of NK cells together with the apoptotic state of tumor cells. They demonstrated up-regulation of ULBPs, PVR and Nectin-2 on Nutlin-3-treated tumor cells, associated with increased NK cell cytotoxicity (183). NK cell functionality can also be inferred by qualitative and quantitative assessment of cytokine production and granule content (IFN-γ, TNF-α, MIP-1α, perforin, granzyme B) and granule release (CD107a).

The main advantage of flow cytometry is the multi-parametric analysis of single cells at high-throughput. Despite the considerable amount of information that can be retrieved, flow cytometry lacks spatial and temporal resolution. Additionally, it can introduce technical artifacts. Such risk can be reduced by using mild dissociation agents and decreasing the time between the dissociation and the flow cytometry acquisition. NK cell killing over time can only assessed by preparing multiple NK-tumor co-cultures and analyzing them at different timepoints, with technical variability affecting the robustness of the assay. Therefore, it would be preferable to use flow cytometry for a single-timepoint experiment and move to other techniques when spatial information and dynamics are part of the biological question.




4.3 Measuring NK cell cytotoxicity by detecting spheroid physical changes

NK cell activity can cause variations of the spheroid physical properties, such as diameter, volume, and weight, which can be detected and quantified to estimate NK cell-mediated spheroid killing (117, 119, 127, 142, 183). Rademacher et al. monitored the diameter of sarcoma spheroids over time by widefield microscopy to study the effect of IL-12 on NK92 cytotoxicity and infiltration. They detected a reduction of spheroid diameter incubating NK92 cells with IL-12-engireed osteosarcoma cells, suggesting a positive effect of IL-12 on NK cell activity in 3D (127). Similarly, the reduction of spheroid volume was used to evaluate the benefits of cytokine activation on PBMC cytotoxicity against heterotypic and homotypic colorectal cancer spheroids (119, 142). Sargenti et al. developed a fluidic platform to estimate NK cell cytotoxicity and infiltration measuring spheroid weight and diameter (117). The method is based on tracking the motion of spheroids falling into a vertical flow channel using a brightfield imaging system (117, 184). Analyzing spheroids obtained from four different colorectal tumor cell lines, the authors were able to correlate the mass density with the degree of spheroid compactness (117). Co-incubation with NK cells led to a significant reduction of spheroid weight and diameter, while a temporary increase of spheroid mass density was associated to NK cell infiltration (117). There are reports saying that spheroid volume does not affect NK cytotoxicity (97, 115), while spheroid cellular density and compactness do (115, 117). The analysis of spheroid physical properties represents a fast, non-invasive and easily accessible method to measure NK cell cytotoxicity. However, its application is arguably limited, due to lack of sensitivity and information. During early phases of NK killing, spheroids often get partly disintegrated and less compact, leading to increased volume which may seem contradictory. In addition, NK cell infiltration itself might induce volume and mass changes, which are difficult to isolate and subtract from the quantification. The method itself does not provide information regarding the mechanisms of NK cell killing and spheroid death. To overcome these limitations, the study of spheroid physical properties is usually combined with histological characterization and other cell labeling-based quantitative analysis.




4.4 Measuring NK cell cytotoxicity and infiltration by detecting spheroid histological changes

A method to characterize NK cell cytotoxicity and infiltration in the spheroids is by performing histochemical staining of sections. Various histological changes have been associated with NK cell activity in tumor spheroids, such as loss of surface integrity (98, 115), formation of cytoplasmic blebs, chromatin condensation (111, 116) and mitochondrial swelling (98). Simply using immunostaining and haematoxylin/eosin counterstaining, Kaaijk et al. described two modalities of LAK killing in glioma spheroids: a) apoptosis, characterized by loss of cell volume, chromatin condensation and formation and apoptotic bodies; b) necrosis, identified by loss of fibrillary structure and acquisition of smooth appearance in the cytoplasm, loss of membrane integrity and swollen nuclei (116). Studying the relative position of LAK and dead glioma cells in spheroid tissue sections, Jääskeläinen et al. localized tumor cell death in areas devoid of LAK infiltration, speculating that contact-independent killing modalities mediated by soluble factors could play a role (111). Contact-mediated killing has been demonstrated by Iwasaki et al. imaging ultrathin spheroid sections by transmission electron microscopy (98). Using this technique, the authors captured the formation of tight cytoplasmic interdigitations between effector and target cells in the spheroid core, and the development of intracytoplasmatic dense granules that usually precedes degranulation (98).

To introduce the temporal factor, it is possible to collect and stain spheroids at different times, to follow the progressive infiltration and cytotoxicity of NK cells toward the core (98, 112, 115). To quantify this behavior, there have been multiple attempts to classify NK cell infiltration or/and spheroid death (98, 105). For instance, Jääskeläinen et al. calculated the density of LAK cells in three different spheroid areas, corresponding to the periphery (100 μm depth from the spheroid surface), the intermediate layer (100 μm to 200 μm depth) and the core (200 μm to 300 μm depth) to quantify the involvement of adhesion molecules on LAK infiltration. According to their findings, the expression of adhesion molecules varied in the different areas and it was strongly influenced by the secretory activity of LAK cells. For instance, the levels of CD54 were weak in periphery of glioma spheroids and intense in the intermediate rim in the absence of LAK cells, while the expression intensified along the frontier of migrating cells possibly due to IFN-γ release. Blocking CD54 completely prevented LAK migration into the spheroids, showing the relevance of this pathway for NK infiltration (112).

Iwasaki et al. classified the activity of LAK cells into four categories based on both infiltration and cell damage: grade I) effectors in contact with the spheroid surface and little target death; grade II) effector infiltration into the outer third layer of the spheroid accompanied by target cell death; grade III) target death detected in the middle layer of the spheroid; grade IV) target death detected in the core of the spheroid (98). Garcia de Palazzo et al. developed a similar system to classify the histological changes of colon cancer spheroids and quantify the effect of CA19-9-CD16 bispecific antibody on LAK 3D killing (105). Based on haematoxylin/eosin staining, they classified the histological damage into five grades calculating the percentage of necrosis in relation to the control condition (105).

Histochemistry can be also applied for the analysis of NK cell status in the TME. For instance, Weil et al. detected apoptotic NK cells in the core of head and neck squamous cell carcinoma spheroids following soluble MICA exposure (118), demonstrating the detrimental effect of soluble NKG2D ligands on NK cell-mediated tumor surveillance (118, 185).

Despite these efforts, the use of spheroid morphological changes to quantify NK cytotoxicity remains problematic, suffering from subjective evaluation and lack of universal classification. Lack of three-dimensionality and time resolution represent additional limitations. Tissue reconstruction could retrieve 3D spatial information, but it is technically difficult and rarely performed. The kinetics of NK cytotoxicity can be studied performing time-course assays on spheroid replicates, however limited time resolution (usually day-scale) and sample availability makes live cell imaging a preferred option, which is also compatible with cell tracking. Despite these limitations, histological analysis is considered a valuable and very informative option as end-point assays and qualitative analysis, especially to confirm data obtained by other techniques (119, 135). The recent development in the field, such as the release of methodology and machines for automated multiplexed staining and analysis (e.g. Hyperion, MACSima, CODEX), will most likely increase the use of this technique to NK cell and spheroid studies.




4.5 Measuring NK cell cytotoxicity and infiltration using fluorescence microscopy

A variety of fluorescent dyes have been developed to characterize cell status, such as viability, apoptosis, necrosis, proliferation, and metabolism. If properly chosen, these markers can provide information on the killing modality. For this reason, coupling cell labeling with fluorescence-based imaging techniques is a particularly suitable strategy to characterize NK cell cytotoxicity in tumor spheroids.

The workflow involves cell labeling before, during, or at the end of the cytotoxicity assay, and detection by the appropriate microscopes, such as widefield, confocal, light sheet or two-photon fluorescence microscopes. The variation of the fluorescence intensity during NK-spheroid co-cultures can be quantified, such as loss of viability and proliferation markers, or acquisition of necrotic/apoptotic markers, providing an unbiased evaluation of NK cell activity. In addition, live cell imaging can be performed to study the kinetic of spheroid death and NK cell infiltration with good temporal resolution.

Giannattasio et al. followed the infiltration of Hoechst-labeled NK cells into CFSE-labeled cervical carcinoma spheroids for 48 hours with 30 minutes time resolution using widefield fluorescence microscopy, showing NK cell proliferation and accumulation at the periphery of the spheroids (106). To characterize the spheroid inner areas, imaging techniques with 3D resolution, such as confocal, light sheet and two-photon microscopy, can be easier than sectioning. These techniques provide spatial information of NK cell infiltration and killing while preserving sample integrity. An additional benefit is low sample consumption, as time courses and 3D characterization can be performed simultaneously on a single sample. Imaging a single focal plane inside the breast cancer spheroids with 30 second resolution, Ayuso et al. tracked NK92 chemotaxis towards the spheroid core (92). Using this strategy, they were able to describe the directionality and the modality of NK cell migration, capturing NK cell bodies squeezing between tumor cell junctions to reach the inner areas of the spheroid (92). They quantified NK cell infiltration and spheroid killing, showing that increasing effector-to-target ratios positively influenced NK cell ability to kill multiple spheroid layers (92, 106, 123, 135).

Hoogstad-van Evert et al. analyzed the activity of hematopoietic stem and progenitor cells (HSPC)-NK cells on ovarian cancer spheroids using a similar approach (123). They performed live cell confocal imaging on a single focal plane to study the dynamics of HSPC-NK cell cytotoxicity over five hours. As an end-point assay, they imaged multiple focal planes to collect data from a 60 μm spheroid section, which allowed them to quantify dead tumor cells in relation to tissue depth (123).

In vitro, NK cell killing of tumor cell suspensions manifests within a few minutes from stimulation, and it persists for few days before NK exhaustion and/or dysfunctionality occurs. The killing mechanisms can shift over time, as well as tumor cells susceptibility. For these reasons, long-term assays are usually considered particularly appropriate for the characterization of NK cell killing modalities. The duration of the assay is particularly important in 3D, where the infiltration of NK cells and the diffusion of soluble factors influence the killing dynamics. Phototoxicity and photostability are two important parameters to take into consideration while performing long-term imaging assays, as both could introduce technical artifacts and reduce the test sensitivity. For these reasons, internal controls should always be run to test the phototoxicity levels, and dyes resistant to photobleaching and cell-mediated degradation are recommended. If phototoxicity and photostability are properly addressed, long-term imaging assays could be very informative.

Our own time-course analysis revealed high inter-donor heterogeneity in terms of killing dynamics, and it predicted donor-specific long-term and short-term response to combinatorial treatment in vitro (Figure 4) (156, 186). We tracked NK cell-mediated cytotoxicity of renal and ovarian cancer spheroids for three days combining the use of two fluorescent dyes: a mitochondrial activity reporter (TMRM) as viability marker, and a caspase-3/7 activity reporter as apoptotic marker (Figure 4A). As expected, NK cell activity induced a cumulative loss of spheroid viability over time (Figures 4A, B). However, a detailed characterization of the time-courses showed high variation in killing dynamics and long-term response to combinatorial therapy among NK donors. In the same assay, the analysis of caspase-3/7 intensity curves revealed the time of maximum NK cell-mediated apoptotic death, corresponding to the peak of fluorescent intensity. In addition, the combined used of two dyes allowed us to normalize the amount of apoptotic death for the initial spheroid viability, providing a more sensitive parameter for comparing different spheroid types (Figure 4C). Thanks to the long-term stability of the dyes, we were able to perform 3D confocal microscopy at the end of the live imaging assays to localize tumor cell apoptosis (156). Knowing when NK cell populations reach their maximum activity could be valuable information for designing personalized combinatorial therapy. It could also reveal the presence of different NK populations active at different times.




Figure 4 | Dynamics of NK cell cytotoxicity against tumor spheroids. IL-15 activated NK cells were incubated with pre-formed renal carcinoma spheroids and imaged for 72 hours. (A) Time-lapse sequence of NK cell killing of renal carcinoma spheroids analyzed by live imaging. TMRM (in magenta) and a caspase-3/7 activity reporter (in green) were used to detect spheroid viability and apoptosis, respectively. NK cells can be seen in the brightfield channel. Scale bar: 100 μm. (B, C) Time-course of spheroid viability (B) and apoptotic index (C) from a single microwell chip chamber (n=36). The data were presented in Carannante et al. (186).



Courau et al. combined long-term live imaging with flow cytometric end-point analysis to study the contribution of each PBMC population to spheroid cytotoxicity and infiltration (119). They observed infiltration and killing of colorectal cancer spheroids under IL-15 exposure, mainly driven by NK and CD8+ T cells. The presence of activated PBMCs induced HLA-expression on tumor spheroids, while infiltrated NK cells showed a reduction of NKG2D expression. Coupling anti-MICA/B antibody with anti-NKG2A checkpoint blockade enhanced spheroid apoptosis and PBMC infiltration (119).

If multiple set of assays are planned, it is a common practice to genetically modify tumor cells to stably express fluorescent proteins (120, 123, 125, 135, 144, 180, 187). This strategy allows direct assessment of spheroid viability by measuring the variation of fluorescence intensity, removing the need of additional staining steps. For instance, Susek et al. applied this strategy to study the efficacy of chimeric switch receptors (CSR) for cell-based immunotherapy (120). To revert PD-1-mediated NK cell inhibition, they designed a PD-1-CSR replacing the inhibitory intracellular domains of PD-1 with activating motifs. They quantified the activity of PD-1-CSR NK-92 cells against renal carcinoma spheroids expressing red fluorescent protein by live imaging, demonstrating good specificity and cytotoxic activity of the cell product (120). Lanuza et al. used EGFP-transfected colorectal carcinoma cells to facilitate the detection of the spheroid area, used to quantify the cytotoxic effect of different effector-to-target ratios over time (135).

We used GFP-transfected NK92 to visualize the formation effector-to-target cell contacts in renal carcinoma spheroids using light sheet microscopy (Figure 5A) (188). Särchen et al. combined the use of fluorescently labeled proteins with cell death markers to calculate spheroid killing as the ratio between the two parameters, allowing a fair comparison between spheroids heterogeneous in size. Using this method, they showed the positive effects of BH3 mimetics on NK cell killing of pediatric cancer spheroids (187). Cell transfection with fluorescent proteins presents multiple advantages, such as reducing the optimization steps and facilitating the analysis. However, this approach is not suitable for all types of cells and applications since the transfection efficiency varies among cell types, with some being very resistant to genetic modifications, and cell manipulation is not compatible with the characterization of primary tumor samples, such as patient-derived tumor spheroids, since it might cause loss of the original sample features.




Figure 5 | Visualization of spheroid-infiltrating NK cells by light sheet microscopy and confocal microscopy. (A) Light sheet microscopy image showing NK92 cells (yellow) infiltrating a renal carcinoma spheroid (magenta). RFP+ A498 renal carcinoma spheroids were incubated with GFP+ NK92 cells for 2 hours before undergoing tissue expansion in deionized water and imaged by light sheet microscopy. (B) YFP+ A498 renal carcinoma spheroids were incubated with resting NK for 48 hours before being imaged by confocal microscopy. NK cells were detected in both extra-tumoral and intra-tumoral areas. However, the signal was progressively lost at increased depth. Left panel: 3D rendered confocal stack of an A498 renal carcinoma spheroid (magenta) co-cultured with NK cells (yellow). Central panel: optical section of the spheroid showed in the left panel (z = 30 μm). Central panel: optical section of the spheroid showed in the left panel (z = 60 μm).



Apart from choosing the right labeling strategy, phototoxicity and photostability could be minimized by choosing microscopy techniques particularly suited for live 3D imaging, such as light sheet microscopy instead of confocal microscopy (189). Confocal microscopes involve a single objective for both illumination and detection, and 3D resolution is achieved generating signal from out-of-focus planes, which is then filtered out to detect the focal plane of interest. This design leads to relatively high photobleaching and phototoxicity, while sacrificing fluorescent signal to achieve optical sectioning. However, smaller spheroids can be imaged live with good results by confocal microscopy for a limited time, for instance to quantify NK cell infiltration (see example in Figure 5B). In light sheet microscopes, two separate objectives are used for illuminating the sample and detecting the signal. The illumination objective focuses a sheet of light to the plane of interest, and the detection objective collects light from the excited focal plane. Using this design, only the focal plane of interest is illuminated, causing little photobleaching and phototoxicity. Since the whole focal plane is imaged, the acquisition is dramatically faster than point-scanning confocal imaging (190, 191). These features make light sheet microscopy particularly suitable for imaging fast biological events in thick samples, such as cell division and NK cell infiltration in tumor spheroids (192). Thick samples scattering large amount of light can be imaged using multi-view acquisition, i.e., imaging the sample from multiple angles and combining the information during post-processing (190). This feature has been used by Del Bano et al. to study the effect of anti-mesothelin/CD16 bispecific antibody on NK cell infiltration in triple negative breast cancer spheroids (109). We combined cell transfection with fluorescent proteins, light sheet microscopy and tissue expansion to achieve detailed visualization of spheroid-infiltrating NK cells (Figure 5A) (188). Specifically, RFP+ renal carcinoma spheroids were incubated with GFP+ NK92 cells for 2 hours before undergoing tissue expansion and light sheet microscopy imaging. This technique is suitable for imaging the details of NK cell interactions with tumor cells in thick samples (188), for instance to obtain snapshots of killing mechanisms, metabolic activity, or receptor modulation. Like every technique, also light sheet microscopy presents its own disadvantages. The sample is commonly embedded in hydrogel, and some embedding media are not compatible with all cell types. The embedding procedure can be quite laborious, it can affect sample viability, and it is not compatible with high-throughput analysis. Finally, a typical light sheet microscopy experiment generates large amount of data, which are time consuming to transfer and process, and require high computational and storage capacity.





5 Conclusions

Since immunotherapy became a standard clinical practice, multiple cases of innate and acquired resistance have been reported, pointing out that more research is needed to understand the mechanisms of immunosuppression and to predict individual responses to treatment. To gain more knowledge, we need robust in vitro systems suitable for immuno-oncology studies. The characterization of NK cells in the original tumor tissues is challenging due to limited infiltration and tumor-driven changes in their phenotype (193). 3D cultures represent a fantastic tool to overcome these issues. The application spans from identifying the reasons behind poor NK cell performance in solid tumors, to developing and testing new strategies to boost their activity. The 3D platforms currently available allow analysis of cell phenotype, spatial distribution, and function. Phenotype, localization, and function can be analyzed at different levels, from gene expression to cell morphology and dynamics. Despite the broad range of characterization that they allow, their full potential is rarely exploited. In NK cell research, tumor spheroids are still mainly used as “support assays” to confirm data obtained from 2D assays or in vivo. The main application remains testing NK cells in combination with other therapies, most of the time without providing a full characterization of neither NK cells nor tumor spheroids. It is not rare to find qualitative data of NK cell infiltration and killing with no quantification provided. The main challenges are to obtain high-throughput, high-quality and quantitative imaging, as well as biologically relevant models of the solid tumor microenvironment. In this regard, rigorous validation of the model should be performed by comparing the 3D architecture and the cellular composition of the original tissue with the in vitro 3D culture, following its evolution over time. This is particularly important for NK cell research, considering the impact that tissue architecture, cellular and extracellular composition has on immune cell migration and cytotoxic capability. More developed use of 3D cultures combined with automated analysis pipelines, perhaps artificial intelligence-driven, could expand their application to NK cell mechanistic studies and quantitative analysis. Still, more research is needed to fully understand and exploit the possibilities that 3D cultures can offer.





Author contributions

VC and BÖ drafted the content of the manuscript. VC wrote the first draft of the manuscript that was edited by to its final form by VC, MW, and BÖ. All authors contributed to the article and approved the submitted version.





Funding

We thank The Knut and Alice Wallenberg Foundation (Grant No 2018.0106), The Swedish Research Council (Grant No 2019-04925), The Swedish Foundation for Strategic Research (Grant No SBE13-0092), The Swedish Childhood Cancer Foundation (Grant No MT2019-0022), The Swedish Cancer Foundation (Grant No 19 0540 Pj) for financial support.





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.




Abbreviations

3D, three-dimensional; NK, natural killer; TME, tumor microenvironment; 2D, two-dimensional; PDMS, polydimethylsiloxane; ECM, extracellular matrix; iPS, induced pluripotent stem cells; PBMC, peripheral blood mononuclear cell; IFN, interferon; TNF, tumor necrosis factor; IL, interleukin; ADCC, antibody-depended cellular cytotoxicity; dNK, decidual NK; IP, interferon-inducible protein; HSC, hepatic stellate cells; DC, dentric cell; CAR, chimeric antigen receptor; TGF, transforming growth factor; LAK, lymphokine-activated killer cells; poly-HEMA, poly-2-hydroxyethyl methylacrylate; ULA, ultra-low attachment; PEG, polyethylene glycol; UCB, umbilical cord blood; USW, ultrasonic standing waves; 51Cr, chromium-51; LDH, lactate dehydrogenase (LDH); PLGA-MnO2 NPs, poly(lactic-co-glycolic) manganese dioxide nanoparticles; HSPC, hematopoietic stem and progenitor cells; CSR, chimeric switch receptors.




References

1. Cooper, MA, Fehniger, TA, and Caligiuri, MA. The biology of human natural killer-cell subsets. Trends Immunol (2001) 22:633–40. doi: 10.1016/S1471-4906(01)02060-9

2. Lee, JN, Jiang, X, Ryan, D, and Whitesides, GM. Compatibility of mammalian cells on surfaces of poly(dimethylsiloxane). Langmuir (2004) 20:11684–91. doi: 10.1021/la048562+

3. Su, X, Young, EWK, Underkofler, HAS, Kamp, TJ, January, CT, and Beebe, DJ. Microfluidic cell culture and its application in high-throughput drug screening: cardiotoxicity assay for hERG channels. J Biomol Screen (2011) 16:101–11. doi: 10.1177/1087057110386218

4. Wei, C-W, Cheng, J-Y, and Young, T-H. Elucidating in vitro cell-cell interaction using a microfluidic coculture system. BioMed Microdevices (2006) 8:65–71. doi: 10.1007/s10544-006-6384-8

5. Chang, C-W, Cheng, Y-J, Tu, M, Chen, Y-H, Peng, C-C, Liao, W-H, et al. A polydimethylsiloxane–polycarbonate hybrid microfluidic device capable of generating perpendicular chemical and oxygen gradients for cell culture studies. Lab Chip (2014) 14:3762–72. doi: 10.1039/C4LC00732H

6. Perez-Moreno, M, Jamora, C, and Fuchs, E. Sticky business: orchestrating cellular signals at adherens junctions. Cell (2003) 112:535–48. doi: 10.1016/S0092-8674(03)00108-9

7. Kusindarta, DL. The role of extracellular matrix. In:  E-S Kaoud HWE-HA hay editor. Tissue Regeneration Chapter 5. Rijeka: IntechOpen (2018). doi: 10.5772/intechopen.75728

8. Altman, GH, Horan, RL, Martin, I, Farhadi, J, Stark, PRH, Volloch, V, et al. Cell differentiation by mechanical stress. FASEB J (2002) 16:270–2. doi: 10.1096/fj.01-0656fje

9. Poltavets, V, Kochetkova, M, Pitson, SM, and Samuel, MS. The role of the extracellular matrix and its molecular and cellular regulators in cancer cell plasticity. Front Oncol (2018) 8:431. doi: 10.3389/fonc.2018.00431

10. Koohestani, F, Braundmeier, AG, Mahdian, A, Seo, J, Bi, J, and Nowak, RA. Extracellular matrix collagen alters cell proliferation and cell cycle progression of human uterine leiomyoma smooth muscle cells. PloS One (2013) 8:e75844–4. doi: 10.1371/journal.pone.0075844

11. López-Martínez, C, Huidobro, C, Albaiceta, GM, and López-Alonso, I. Mechanical stretch modulates cell migration in the lungs. Ann Transl Med (2018) 6:28. doi: 10.21037/atm.2017.12.08

12. Mason, EF, and Rathmell, JC. Cell metabolism: an essential link between cell growth and apoptosis. Biochim Biophys Acta (BBA) - Mol Cell Res (2011) 1813:645–54. doi: 10.1016/j.bbamcr.2010.08.011

13. Clanton, TL, Hogan, MC, and Gladden, LB. Regulation of cellular gas exchange, oxygen sensing, and metabolic control. Compr Physiol (2013) 13(3):1135–90. doi: 10.1002/cphy.c120030

14. Lin, X, Chen, Q, Liu, W, Zhang, J, Wang, S, Lin, Z, et al. Oxygen-induced cell migration and on-line monitoring biomarkers modulation of cervical cancers on a microfluidic system. Sci Rep (2015) 5:9643. doi: 10.1038/srep09643

15. Petrie Aronin, CE, Zhao, YM, Yoon, JS, Morgan, NY, Prüstel, T, Germain, RN, et al. Migrating myeloid cells sense temporal dynamics of chemoattractant concentrations. Immunity (2017) 47:862–874.e3. doi: 10.1016/j.immuni.2017.10.020

16. Stojanovic, A, Correia, MP, and Cerwenka, A. Shaping of NK cell responses by the tumor microenvironment. Cancer Microenviron (2013) 6:135–46. doi: 10.1007/s12307-012-0125-8

17. Balkwill, FR, Capasso, M, and Hagemann, T. The tumor microenvironment at a glance. J Cell Sci (2012) 125:5591–6. doi: 10.1242/jcs.116392

18. Costa, EC, Moreira, AF, de Melo-Diogo, D, Gaspar, VM, Carvalho, MP, and Correia, IJ. 3D tumor spheroids: an overview on the tools and techniques used for their analysis. Biotechnol Adv (2016) 34:1427–41. doi: 10.1016/j.biotechadv.2016.11.002

19. Fennema, E, Rivron, N, Rouwkema, J, van Blitterswijk, C, and de Boer, J. Spheroid culture as a tool for creating 3D complex tissues. Trends Biotechnol (2013) 31:108–15. doi: 10.1016/j.tibtech.2012.12.003

20. Zimmermann, M, Box, C, and Eccles, SA. Two-dimensional vs. three-dimensional in vitro tumor migration and invasion assays. In: BMC systems biology. Totowa, NJ: Humana Press (2013). p. 227–52. doi: 10.1007/978-1-62703-311-4_15

21. Breslin, S, and O’Driscoll, L. Three-dimensional cell culture: the missing link in drug discovery. Drug Discovery Today (2013) 18:240–9. doi: 10.1016/j.drudis.2012.10.003

22. Bergenheim, F, Fregni, G, Buchanan, CF, Riis, LB, Heulot, M, Touati, J, et al. A fully defined 3D matrix for ex vivo expansion of human colonic organoids from biopsy tissue. Biomaterials (2020) 262:120248. doi: 10.1016/j.biomaterials.2020.120248

23. Angres, BM, and Wurst, H. 3-d life biomimetic hydrogels. Technol Platforms 3D Cell Culture (2017), 197–221. doi: 10.1002/9781118851647.ch9

24. Kleinman, HK, McGarvey, ML, Hassell, JR, Star, VL, Cannon, FB, Laurie, GW, et al. Basement membrane complexes with biological activity. Biochemistry (1986) 25:312–8. doi: 10.1021/bi00350a005

25. Kleinman, HK, and Martin, GR. Matrigel: basement membrane matrix with biological activity. In: Seminars in cancer biology. Elsevier (2005) 15(5):378–86.

26. Caicedo-Carvajal, CE, Liu, Q, Remache, Y, Goy, A, and Suh, KS. Cancer tissue engineering: a novel 3D polystyrene scaffold for In vitro isolation and amplification of lymphoma cancer cells from heterogeneous cell mixtures. J Tissue Eng (2011) 2011:362326. doi: 10.4061/2011/362326

27. Zhao, X, Zhang, S, and Spirio, L. PuraMatrix. In: Scaffolding in tissue engineering. CRC Press (2005). p. 217–38. doi: 10.1201/9781420027563.ch15

28. Aisenbrey, EA, and Murphy, WL. Synthetic alternatives to matrigel. Nat Rev Mater (2020) 5:539–51. doi: 10.1038/s41578-020-0199-8

29. Carletti, E, Motta, A, and Migliaresi, C. Scaffolds for tissue engineering and 3D cell culture BT. In:  JW Haycock, editor. 3D cell culture: methods and protocols. Totowa, NJ: Humana Press (2011). p. 17–39. doi: 10.1007/978-1-60761-984-0_2

30. de Souza, N. Organoids. Nat Methods (2018) 15:23. doi: 10.1038/nmeth.4576

31. Bar-Ephraim, YE, Kretzschmar, K, and Clevers, H. Organoids in immunological research. Nat Rev Immunol (2020) 20:279–93. doi: 10.1038/s41577-019-0248-y

32. Artis, D, and Spits, H. The biology of innate lymphoid cells. Nature (2015) 517, 293–301. doi: 10.1038/nature14189

33. Kiessling, R, Klein, E, and Wigzell, H. “Natural” killer cells in the mouse. i. cytotoxic cells with specificity for mouse moloney leukemia cells. specificity and distribution according to genotype. Eur J Immunol (1975) 5:112–7. doi: 10.1002/eji.1830050208

34. Kiessling, R, Klein, E, Pross, H, and Wigzell, H. “Natural” killer cells in the mouse. II. cytotoxic cells with specificity for mouse moloney leukemia cells. Characteristics of the killer. Cell Eur J Immunol (1975) 5:117–21. doi: 10.1002/eji.1830050209

35. Mak, TW, and Saunders, ME. 14 - T cell activation. In:  TW Mak, and ME Saunders, editors. The immune response. Burlington: Academic Press (2006). p. 373–401. doi: 10.1016/B978-012088451-3.50016-8

36. Vivier, E. Functions of natural killer cells. Nat Immunol (2008) 9:503–10. doi: 10.1038/ni1582

37. Seillet, C, Belz, GT, and Huntington, ND. Development, homeostasis, and heterogeneity of NK cells and ILC1. Curr Top Microbiol Immunol (2016) 395. doi: 10.1007/82_2015_474

38. Robertson, MJ, and Ritz, J. Biology and clinical relevance of human natural killer cells. Blood (1990) 76:2421. doi: 10.1182/blood.V76.12.2421.2421

39. Hashemi, E, and Malarkannan, S. Tissue-resident NK cells: development, maturation, and clinical relevance. Cancers (Basel) (2020) 12:1553. doi: 10.3390/cancers12061553

40. Santoli, D, Trinchieri, G, Moretta, L, Zmijewski, CM, and Koprowski, H. Spontaneous cell-mediated cytotoxicity in humans. distribution and characterization of the effector cell. Clin Exp Immunol (1978) 33:309–18.

41. Carrega, P, and Ferlazzo, G. Natural killer cell distribution and trafficking in human tissues. Front Immunol (2012) 3:347. doi: 10.3389/fimmu.2012.00347

42. Robertson, MJ, Soiffer, RJ, Wolf, SF, Manley, TJ, Donahue, C, Young, D, et al. Response of human natural killer (NK) cells to NK cell stimulatory factor (NKSF): cytolytic activity and proliferation of NK cells are differentially regulated by NKSF. J Exp Med (1992) 175(3):779–88. doi: 10.1084/jem.175.3.779

43. Campbell, JJ, Qin, S, Unutmaz, D, Soler, D, Murphy, KE, Hodge, MR, et al. Unique subpopulations of CD56+ NK and NK-T peripheral blood lymphocytes identified by chemokine receptor expression repertoire. J Immunol (2001) 166:6477–82. doi: 10.4049/jimmunol.166.11.6477

44. Juelke, K, Killig, M, Luetke-Eversloh, M, Parente, E, Gruen, J, Morandi, B, et al. CD62L expression identifies a unique subset of polyfunctional CD56dimNK cells. Blood (2010) 116:1299–307. doi: 10.1182/blood-2009-11-253286

45. Cooper, MA, Fehniger, TA, Turner, SC, Chen, KS, Ghaheri, BA, Ghayur, T, et al. Human natural killer cells: a unique innate immunoregulatory role for the CD56(bright) subset. Blood (2001) 97:3146–51. doi: 10.1182/blood.V97.10.3146

46. Parolini, S, Santoro, A, Marcenaro, E, Luini, W, Massardi, L, Facchetti, F, et al. The role of chemerin in the colocalization of NK and dendritic cell subsets into inflamed tissues. Blood (2007) 109(9):3625–32. doi: 10.1182/blood-2006-08-038844

47. Gregoire, C, Chasson, L, Luci, C, Tomasello, E, Geissmann, F, Vivier, E, et al. The trafficking of natural killer cells. Immunol Rev (2007) 220:169–82. doi: 10.1111/j.1600-065X.2007.00563.x

48. Seillet, C, and Belz, GT. Differentiation and diversity of subsets in group 1 innate lymphoid cells. Int Immunol (2016) 28:3–11. doi: 10.1093/intimm/dxv051

49. Robertson, MJ. Role of chemokines in the biology of natural killer cells. J Leukoc Biol (2002) 71:173–83. doi: 10.1189/JLB.71.2.173

50. Sun, H, Sun, C, and Xiao, W. Expression regulation of co-inhibitory molecules on human natural killer cells in response to cytokine stimulations. Cytokine (2014) 65:33–41. doi: 10.1016/j.cyto.2013.09.016

51. Moretta, A, Bottino, C, Mingari, MC, Biassoni, R, and Moretta, L. What is a natural killer cell? Nat Immunol (2002) 3:6–8. doi: 10.1038/ni0102-6

52. Stanietsky, N, Simic, H, Arapovic, J, Toporik, A, Levy, O, Novik, A, et al. The interaction of TIGIT with PVR and PVRL2 inhibits human NK cell cytotoxicity. Proc Natl Acad Sci U.S.A. (2009) 106:17858–63. doi: 10.1073/pnas.0903474106

53. Yu, X, Harden K, C, Gonzalez, L, Francesco, M, Chiang, E, Irving, B, et al. The surface protein TIGIT suppresses T cell activation by promoting the generation of mature immunoregulatory dendritic cells. Nat Immunol (2009) 10:48–57. doi: 10.1038/ni.1674

54. Parham, P, Norman, PJ, Abi-Rached, L, and Guethlein, LA. Human-specific evolution of killer cell immunoglobulin-like receptor recognition of major histocompatibility complex class I molecules. Philos Trans R Soc B (2012) 367:800–11. doi: 10.1098/rstb.2011.0266

55. Kadri, N, Wagner, AK, Ganesan, S, Kärre, K, Wickström, S, Johansson, MH, et al. Dynamic regulation of NK cell responsiveness. In: Current topics in microbiology and immunology Springer, Cham (2015) 395:95–114. doi: 10.1007/82_2015_485

56. Brodin, P, Kärre, K, and Höglund, P. NK cell education: not an on-off switch but a tunable rheostat. Trends Immunol (2009) 30:143–9. doi: 10.1016/j.it.2009.01.006

57. Kärre, K, Ljunggren, HG, Piontek, G, and Kiessling, R. Selective rejection of h–2-deficient lymphoma variants suggests alternative immune defence strategy. Nature (1986) 319:675–8. doi: 10.1038/319675a0

58. Smith, MA, Maurin, M, Cho, HI, Becknell, B, Freud, AG, Yu, J, et al. PRDM1/Blimp-1 controls effector cytokine production in human NK cells. J Immunol (2010) 185:6058–67. doi: 10.4049/jimmunol.1001682

59. O’Sullivan, TE, Sun, JC, and Lanier, LL. Natural killer cell memory. Immunity (2015) 43:634–45. doi: 10.1016/j.immuni.2015.09.013

60. Vacca, P, Mingari, MC, and Moretta, L. Natural killer cells in human pregnancy. J Reprod Immunol (2013) 97(1):14–9. doi: 10.1016/j.jri.2012.10.008

61. Kalkunte, SS, Mselle, TF, Norris, WE, Wira, CR, Sentman, CL, and Sharma, S. Vascular endothelial growth factor c facilitates immune tolerance and endovascular activity of human uterine NK cells at the maternal-fetal interface. J Immunol (2009) 182:4085–92. doi: 10.4049/jimmunol.0803769

62. Hanna, J, Goldman-Wohl, D, Hamani, Y, Avraham, I, Greenfield, C, Natanson-Yaron, S, et al. Decidual NK cells regulate key developmental processes at the human fetal-maternal interface. Nat Med (2006) 12:1065–74. doi: 10.1038/nm1452

63. le Bouteiller, P. Human decidual NK cells: unique and tightly regulated effector functions in healthy and pathogen-infected pregnancies. Front Immunol (2013) 4:404. doi: 10.3389/fimmu.2013.00404

64. Tosello-Trampont, A, Surette, FA, Ewald, SE, and Hahn, YS. Immunoregulatory role of NK cells in tissue inflammation and regeneration. Front Immunol (2017) 8:301. doi: 10.3389/fimmu.2017.00301

65. O’Sullivan, TE, Rapp, M, Fan, X, Weizman, O-E, Bhardwaj, P, Adams, NM, et al. Adipose-resident group 1 innate lymphoid cells promote obesity-associated insulin resistance. Immunity (2016) 45:428–41. doi: 10.1016/j.immuni.2016.06.016

66. Fernandez, NC, Flament, C, Crépineau, F, Angevin, É, Vivier, É, and Zitvogel, L. Dendritic cells (DC) promote natural killer (NK) cell functions: dynamics of the human DC/NK cell cross talk. Eur Cytokine Netw (2002) 13(1):17–27.

67. Nielsen, N, Ødum, N, Ursø, B, Lanier, LL, and Spee, P. Cytotoxicity of CD56bright NK cells towards autologous activated CD4+ T cells is mediated through NKG2D, LFA-1 and TRAIL and dampened via CD94/NKG2A. PloS One (2012) 7:e31959. doi: 10.1371/journal.pone.0031959

68. Cerboni, C, Zingoni, A, Cippitelli, M, Piccoli, M, Frati, L, and Santoni, A. Antigen-activated human T lymphocytes express cell-surface NKG2D ligands via an ATM/ATR-dependent mechanism and become susceptible to autologous NK-cell lysis. Blood J Am Soc Hematol (2007) 110:606–15. doi: 10.1182/blood-2006-10-052720

69. Helige, C, Hagendorfer, G, Smolle, J, and Dohr, G. Uterine natural killer cells in a three-dimensional tissue culture model to study trophoblast invasion. Lab Invest (2001) 81:1153–62. doi: 10.1038/labinvest.3780327

70. Helige, C, Ahammer, H, Hammer, A, Huppertz, B, Frank, H-G, and Dohr, G. Trophoblastic invasion in vitro and in vivo: similarities and differences. Hum Reprod (2008) 23:2282–91. doi: 10.1093/humrep/den198

71. Abbas, Y, Turco, MY, Burton, GJ, and Moffett, A. Investigation of human trophoblast invasion. vitro. Hum Reprod Update (2020) 26:501–13. doi: 10.1093/humupd/dmaa017

72. Abbas, Y, Oefner, CM, Polacheck, WJ, Gardner, L, Farrell, L, Sharkey, A, et al. A microfluidics assay to study invasion of human placental trophoblast cells. J R Soc Interface (2017) 14. doi: 10.1098/rsif.2017.0131

73. Sheridan, MA, Fernando, RC, Gardner, L, Hollinshead, MS, Burton, GJ, Moffett, A, et al. Establishment and differentiation of long-term trophoblast organoid cultures from the human placenta. Nat Protoc (2020) 15:3441–63. doi: 10.1038/s41596-020-0381-x

74. Sheridan, MA, Zhao, X, Fernando, RC, Gardner, L, Perez-Garcia, V, Li, Q, et al. Characterization of primary models of human trophoblast. Development (2021) 148. doi: 10.1242/dev.199749

75. Petrova, V, Annicchiarico-Petruzzelli, M, Melino, G, and Amelio, I. The hypoxic tumour microenvironment. Oncogenesis (2018) 7. doi: 10.1038/s41389-017-0011-9

76. Wang, JX, Choi, SYC, Niu, X, Kang, N, Xue, H, Killam, J, et al. Lactic acid and an acidic tumor microenvironment suppress anticancer immunity. Int J Mol Sci (2020) 21:1–14. doi: 10.3390/ijms21218363

77. Harmon, C, Robinson, MW, Hand, F, Almuaili, D, Mentor, K, Houlihan, DD, et al. Lactate-mediated acidification of tumor microenvironment induces apoptosis of liver-resident NK cells in colorectal liver metastasis. Cancer Immunol Res (2019) 7:335–46. doi: 10.1158/2326-6066.CIR-18-0481

78. Brand, A, Singer, K, Koehl, GE, Kolitzus, M, Schoenhammer, G, Thiel, A, et al. LDHA-associated lactic acid production blunts tumor immunosurveillance by T and NK cells. Cell Metab (2016) 24:657–71. doi: 10.1016/j.cmet.2016.08.011

79. Ni, J, Wang, X, Stojanovic, A, Zhang, Q, Wincher, M, Bühler, L, et al. Single-cell RNA sequencing of tumor-infiltrating NK cells reveals that inhibition of transcription factor HIF-1α unleashes NK cell activity. Immunity (2020) 52:1075–1087.e8. doi: 10.1016/j.immuni.2020.05.001

80. Solocinski, K, Padget, MR, Fabian, KP, Wolfson, B, Cecchi, F, Hembrough, T, et al. Overcoming hypoxia-induced functional suppression of NK cells. J Immunother Cancer (2020) 8. doi: 10.1136/jitc-2019-000246

81. Balsamo, M, Manzini, C, Pietra, G, Raggi, F, Blengio, F, Mingari, MC, et al. Hypoxia downregulates the expression of activating receptors involved in NK-cell-mediated target cell killing without affecting ADCC. Eur J Immunol (2013) 43:2756–64. doi: 10.1002/eji.201343448

82. Ghiringhelli, F, Ménard, C, Terme, M, Flament, C, Taieb, J, Chaput, N, et al. CD4 + CD25 + regulatory T cells inhibit natural killer cell functions in a transforming growth factor–β–dependent manner. J Exp Med (2005) 202:1075–85. doi: 10.1084/jem.20051511

83. Li, T, Yang, Y, Hua, X, Wang, G, Liu, W, Jia, C, et al. Hepatocellular carcinoma-associated fibroblasts trigger NK cell dysfunction via PGE2 and IDO. Cancer Lett (2012) 318(2):154–61. doi: 10.1016/j.canlet.2011.12.020

84. Balsamo, M, Scordamaglia, F, Pietra, G, Manzini, C, Cantoni, C, Boitano, M, et al. Melanoma-associated fibroblasts modulate NK cell phenotype and antitumor cytotoxicity. Proc Natl Acad Sci (2009) 106(49):20847–52. doi: 10.1073/pnas.0906481106

85. Pietra, G, Manzini, C, Rivara, S, Vitale, M, Cantoni, C, Petretto, A, et al. Melanoma cells inhibit natural killer cell function by modulating the expression of activating receptors and cytolytic activity. Cancer Res (2012) 72(6):1407–15. doi: 10.1158/0008-5472.CAN-11-2544

86. El-Gazzar, A, Groh, V, and Spies, T. Immunobiology and conflicting roles of the human NKG2D lymphocyte receptor and its ligands in cancer. J Immunol (2013) 191:1509–15. doi: 10.4049/jimmunol.1301071

87. Tarazona, R, Borrego, F, Vaage, JT, Kohrt, HE, Chester, C, and Fritsch, K. Natural killer cell immunomodulation: targeting activating. inhibitory Co-stimulatory Receptor Signaling Cancer immunotherapy (2015) 6:601. doi: 10.3389/fimmu.2015.00601

88. Sutherland, RM, MacDonald, HR, and Howell, RL. Multicellular spheroids: a new model target for In vitro studies of immunity to solid tumor allografts: brief communication. JNCI: J Natl Cancer Institute (1977) 58:1849–53. doi: 10.1093/jnci/58.6.1849

89. Sordat, B, MacDonald, HR, and Lees, RK. The multicellular spheroid as a model tumor allograft. III. morphological and kinetic analysis of spheroid infiltration and destruction. Transplantation (1980) 29:103–12. doi: 10.1097/00007890-198002000-00004

90. MacDonald, HR, and Howell, RL. The multicellular spheroid as a model tumor allograft. i. quantitative assessment of spheroid destruction in alloimmune mice. Transplantation (1978) 25:136–40. doi: 10.1097/00007890-197803000-00008

91. MacDonald, HR, Howell, RL, and McFarlane, DL. The multicellular spheroid as a model tumor allograft. II. characterization of spheroid-infiltrating cytotoxic cells. Transplantation (1978) 25:141–5. doi: 10.1097/00007890-197803000-00009

92. Ayuso, JM, Truttschel, R, Gong, MM, Humayun, M, Virumbrales-Munoz, M, Vitek, R, et al. Evaluating natural killer cell cytotoxicity against solid tumors using a microfluidic model. Oncoimmunology (2019) 8:1–11. doi: 10.1080/2162402X.2018.1553477

93. Marrella, A, Buratti, P, Markus, J, Firpo, G, Pesenti, M, Landry, T, et al. In vitro demonstration of intestinal absorption mechanisms of different sugars using 3D organotypic tissues in a fluidic device. ALTEX (2020) 37:255–64. doi: 10.14573/altex.1908311

94. Marrella, A, Varani, G, Aiello, M, Vaccari, I, Vitale, C, Mojzisek, M, et al. 3D fluid-dynamic ovarian cancer model resembling systemic drug administration for efficacy assay. ALTEX (2021) 38:82–94. doi: 10.14573/altex.2003131

95. Marzagalli, M, Pelizzoni, G, Fedi, A, Vitale, C, Fontana, F, Bruno, S, et al. A multi-organ-on-chip to recapitulate the infiltration and the cytotoxic activity of circulating NK cells in 3D matrix-based tumor model. Front Bioeng Biotechnol (2022) 10:945149. doi: 10.3389/fbioe.2022.945149

96. Mclimans, WF, Davis, EV, Glover, FL, and Rake, GW. The submerged culture of mammalian cells; the spinner culture. J Immunol (1957) 79:428–33. doi: 10.4049/jimmunol.79.5.428

97. Lord, EM, and Burkhardt, G. Assessment of in situ host immunity to syngeneic tumors utilizing the multicellular spheroid model. Cell Immunol (1984) 85:340–50. doi: 10.1016/0008-8749(84)90248-x

98. Iwasaki, K, Kikuchi, H, Miyatake, SI, Aoki, T, Yamasaki, T, and Oda, Y. Infiltrative and cytolytic activities of lymphokine-activated killer cells against a human glioma spheroid model. Cancer Res (1990) 50:2429–36.

99. Sutherland, RM, McCredie, JA, and Inch, WR. Growth of multicell spheroids in tissue culture as a model of nodular carcinomas. J Natl Cancer Inst (1971) 46:113–20. doi: 10.1093/jnci/46.1.113

100. Sutherland, RM, and Durand, RE. Growth and cellular characteristics of multicell spheroids. Recent Results Cancer Res (1984) 95:24–49. doi: 10.1007/978-3-642-82340-4_2

101. He, W, Kuang, Y, Xing, X, Simpson, RJ, Huang, H, Yang, T, et al. Proteomic comparison of 3D and 2D glioma models reveals increased HLA-e expression in 3D models is associated with resistance to NK cell-mediated cytotoxicity. J Proteome Res (2014) 13:2272–81. doi: 10.1021/pr500064m

102. Kelm, JM, and Fussenegger, M. Microscale tissue engineering using gravity-enforced cell assembly. Trends Biotechnol (2004) 22:195–202. doi: 10.1016/j.tibtech.2004.02.002

103. Carlsson, J, and Yuhas, JM. Liquid-overlay culture of cellular spheroids. Recent Results Cancer Res (1984) 95:1–23. doi: 10.1007/978-3-642-82340-4_1

104. Yuhas, JM, Li, AP, Martinez, AO, and Ladman, AJ. A simplified method for production and growth of multicellular tumor spheroids. Cancer Res (1977) 37:3639–43.

105. Garcia de Palazzo, I, Holmes, M, Gercel-Taylor, C, and Weiner, LM. Antitumor effects of a bispecific antibody targeting CA19-9 antigen and CD16. Cancer Res (1992) 52:5713–9.

106. Giannattasio, A, Weil, S, Kloess, S, Ansari, N, Stelzer, EHK, Cerwenka, A, et al. Cytotoxicity and infiltration of human NK cells in in vivo-like tumor spheroids. BMC Cancer (2015) 15:351. doi: 10.1186/s12885-015-1321-y

107. Ivascu, A, and Kubbies, M. Rapid generation of single-tumor spheroids for high-throughput cell function and toxicity analysis. J Biomol Screen (2006) 11:922–32. doi: 10.1177/1087057106292763

108. Lawrenson, K, Grun, B, and Gayther, SA. Heterotypic three-dimensional in vitro modeling of stromal-epithelial interactions during ovarian cancer initiation and progression. J Vis Exp (2012):e4206. doi: 10.3791/4206

109. del Bano, J, Florès-Florès, R, Josselin, E, Goubard, A, Ganier, L, Castellano, R, et al. A bispecific antibody-based approach for targeting mesothelin in triple negative breast cancer. Front Immunol (2019) 10:1593. doi: 10.3389/fimmu.2019.01593

110. Murphy, DA, Cheng, H, Yang, T, Yan, X, and Adjei, IM. Reversing hypoxia with PLGA-encapsulated manganese dioxide nanoparticles improves natural killer cell response to tumor spheroids. Mol Pharm (2021) 18:2935–46. doi: 10.1021/acs.molpharmaceut.1c00085

111. Jääskeläinen, J, Lehtonen, E, Heikkilä, P, Kalliomäki, P, and Timonen, T. Damage to multicellular human h-2 glioma spheroids incubated with LAK cells: an ultrastructural study. J Natl Cancer Inst (1990) 82:497–501. doi: 10.1093/jnci/82.6.497

112. Jääskeläinen, J, Mäenpää, A, Patarroyo, M, Gahmberg, CG, Somersalo, K, Tarkkanen, J, et al. Migration of recombinant IL-2-activated T and natural killer cells in the intercellular space of human h-2 glioma spheroids in vitro. a study on adhesion molecules involved. J Immunol (1992) 149:260–8. doi: 10.4049/jimmunol.149.1.260

113. Nederman, T, Norling, B, Glimelius, B, Carlsson, J, and Brunk, U. Demonstration of an extracellular matrix in multicellular tumor spheroids. Cancer Res (1984) 44:3090–7.

114. Lee, YE, Yuk, CM, Lee, M, Han, K-C, Jun, E, Kim, TS, et al. Facile discovery of a therapeutic agent for NK-mediated synergistic antitumor effects using a patient-derived 3D platform. Biomater Sci (2022) 10:678–91. doi: 10.1039/d1bm01699g

115. Jääskeläinen, J, Kalliomäki, P, Paetau, A, and Timonen, T. Effect of LAK cells against three-dimensional tumor tissue. In vitro study using multi-cellular human glioma spheroids as targets. J Immunol (1989) 142:1036–45. doi: 10.4049/jimmunol.142.3.1036

116. Kaaijk, P, Troost, D, Dast, PK, van den Berg, F, Leenstra, S, and Bosch, DA. Cytolytic effects of autologous lymphokine-activated killer cells on organotypic multicellular spheroids of gliomas in vitro. Neuropathol Appl Neurobiol (1995) 21:392–8. doi: 10.1111/j.1365-2990.1995.tb01076.x

117. Sargenti, A, Musmeci, F, Bacchi, F, Delprete, C, Cristaldi, DA, Cannas, F, et al. Physical characterization of colorectal cancer spheroids and evaluation of NK cell infiltration through a flow-based analysis. Front Immunol (2020) 11:564887. doi: 10.3389/fimmu.2020.564887

118. Weil, S, Memmer, S, Lechner, A, Huppert, V, Giannattasio, A, Becker, T, et al. Natural killer group 2D ligand depletion reconstitutes natural killer cell immunosurveillance of head and neck squamous cell carcinoma. Front Immunol (2017) 8:387. doi: 10.3389/fimmu.2017.00387

119. Courau, T, Bonnereau, J, Chicoteau, J, Bottois, H, Remark, R, Assante Miranda, L, et al. Cocultures of human colorectal tumor spheroids with immune cells reveal the therapeutic potential of MICA/B and NKG2A targeting for cancer treatment. J Immunother Cancer (2019) 7:74. doi: 10.1186/s40425-019-0553-9

120. Susek, KH, Schwietzer, YA, Karvouni, M, Gilljam, M, Keszei, M, Hussain, A, et al. Generation of NK cells with chimeric-switch receptors to overcome PD1-mediated inhibition in cancer immunotherapy. Cancer Immunol Immunother (2022) 72:1153–67. doi: 10.1007/s00262-022-03317-y

121. González-Llorente, L, Santacatterina, F, García-Aguilar, A, Nuevo-Tapioles, C, González-García, S, Tirpakova, Z, et al. Overexpression of mitochondrial IF1 prevents metastatic disease of colorectal cancer by enhancing anoikis and tumor infiltration of NK cells. Cancers (Basel) (2019) 12:22. doi: 10.3390/cancers12010022

122. Hoffmann, TK, Schirlau, K, Sonkoly, E, Brandau, S, Lang, S, Pivarcsi, A, et al. A novel mechanism for anti-EGFR antibody action involves chemokine-mediated leukocyte infiltration. Int J Cancer (2009) 124:2589–96. doi: 10.1002/ijc.24269

123. Hoogstad-van Evert, JS, Cany, J, van den Brand, D, Oudenampsen, M, Brock, R, Torensma, R, et al. Umbilical cord blood CD34+ progenitor-derived NK cells efficiently kill ovarian cancer spheroids and intraperitoneal tumors in NOD/SCID/IL2Rgnull mice. Oncoimmunology (2017) 6:e1320630. doi: 10.1080/2162402X.2017.1320630

124. Maas, RJ, Hoogstad-van Evert, JS, van der Meer, JM, Mekers, V, Rezaeifard, S, Korman, AJ, et al. TIGIT blockade enhances functionality of peritoneal NK cells with altered expression of DNAM-1/TIGIT/CD96 checkpoint molecules in ovarian cancer. Oncoimmunology (2020) 9:1843247. doi: 10.1080/2162402X.2020.1843247

125. Decaup, E, Rossi, C, Gravelle, P, Laurent, C, Bordenave, J, Tosolini, M, et al. A tridimensional model for NK cell-mediated ADCC of follicular lymphoma. Front Immunol (2019) 10:1943. doi: 10.3389/fimmu.2019.01943

126. Guti, E, Regdon, Z, Sturniolo, I, Kiss, A, Kovács, K, Demény, M, et al. The multitargeted receptor tyrosine kinase inhibitor sunitinib induces resistance of HER2 positive breast cancer cells to trastuzumab-mediated ADCC. Cancer Immunol Immunother (2022) 71:2151–68. doi: 10.1007/s00262-022-03146-z

127. Rademacher, MJ, Cruz, A, Faber, M, Oldham, RAA, Wang, D, Medin, JA, et al. Sarcoma IL-12 overexpression facilitates NK cell immunomodulation. Sci Rep (2021) 11:8321. doi: 10.1038/s41598-021-87700-2

128. Aarsund, M, Segers, FM, Wu, Y, and Inngjerdingen, M. Comparison of characteristics and tumor targeting properties of extracellular vesicles derived from primary NK cells or NK-cell lines stimulated with IL-15 or IL-12/15/18. Cancer Immunol Immunother (2022) 71:2227–38. doi: 10.1007/s00262-022-03161-0

129. Ochalek, T, and von Kleist, S. Study of the susceptibility of human colorectal tumor explants to LAK-cell lysis: comparison of various cytotoxicity tests. J Clin Lab Anal (1993) 7:155–63. doi: 10.1002/jcla.1860070305

130. Ochalek, T, and von Kleist, S. Study of the resistance of tumor-cell spheroids to penetration and lysis by activated effector cells. Int J Cancer (1994) 57:399–405. doi: 10.1002/ijc.2910570318

131. Knelson, EH, v., IE, Tarannum, M, Campisi, M, Lizotte, PH, Booker, MA, et al. Activation of tumor-cell STING primes NK-cell therapy. Cancer Immunol Res (2022) 10:947–61. doi: 10.1158/2326-6066.CIR-22-0017

132. Goodman, SR. Cell adhesion and the extracellular matrix. In: Goodman’s medical cell biology. Elsevier (2021). p. 203–47. doi: 10.1016/B978-0-12-817927-7.00007-7

133. Kelm, JM, Timmins, NE, Brown, CJ, Fussenegger, M, and Nielsen, LK. Method for generation of homogeneous multicellular tumor spheroids applicable to a wide variety of cell types. Biotechnol Bioeng (2003) 83:173–80. doi: 10.1002/bit.10655

134. Keller, GM. In vitro differentiation of embryonic stem cells. Curr Opin Cell Biol (1995) 7:862–9. doi: 10.1016/0955-0674(95)80071-9

135. Lanuza, PM, Vigueras, A, Olivan, S, Prats, AC, Costas, S, Llamazares, G, et al. Activated human primary NK cells efficiently kill colorectal cancer cells in 3D spheroid cultures irrespectively of the level of PD-L1 expression. Oncoimmunology (2018) 7:e1395123. doi: 10.1080/2162402X.2017.1395123

136. Tung, Y, Hsiao, AY, Allen, SG, Torisawa, Y, Ho, M, and Takayama, S. High-throughput 3D spheroid culture and drug testing using a 384 hanging drop array. Analyst (2011) 136:473–8. doi: 10.1039/c0an00609b

137. Drewitz, M, Helbling, M, Fried, N, Bieri, M, Moritz, W, Lichtenberg, J, et al. Towards automated production and drug sensitivity testing using scaffold-free spherical tumor microtissues. Biotechnol J (2011) 6:1488–96. doi: 10.1002/biot.201100290

138. Messner, S, Agarkova, I, Moritz, W, and Kelm, JM. Multi-cell type human liver microtissues for hepatotoxicity testing. Arch Toxicol (2013) 87:209–13. doi: 10.1007/s00204-012-0968-2

139. Wardwell-Swanson, J, Suzuki, M, Dowell, KG, Bieri, M, Thoma, EC, Agarkova, I, et al. A framework for optimizing high-content imaging of 3D models for drug discovery. SLAS Discovery (2020) 25:709–22. doi: 10.1177/2472555220929291

140. Title, AC, Karsai, M, Mir-Coll, J, Grining, ÖY, Rufer, C, Sonntag, S, et al. Evaluation of the effects of harmine on β-cell function and proliferation in standardized human islets using 3D high-content confocal imaging and automated analysis. Front Endocrinol (Lausanne) (2022) 13:854094. doi: 10.3389/fendo.2022.854094

141. Badea, MA, Balas, M, and Dinischiotu, A. Biological properties and development of hypoxia in a breast cancer 3D model generated by hanging drop technique. Cell Biochem Biophys (2022) 80:63–73. doi: 10.1007/s12013-021-00982-1

142. Herter, S, Morra, L, Schlenker, R, Sulcova, J, Fahrni, L, Waldhauer, I, et al. A novel three-dimensional heterotypic spheroid model for the assessment of the activity of cancer immunotherapy agents. Cancer Immunol Immunother (2017) 66:129–40. doi: 10.1007/s00262-016-1927-1

143. Park, D, Son, K, Hwang, Y, Ko, J, Lee, Y, Doh, J, et al. High-throughput microfluidic 3D cytotoxicity assay for cancer immunotherapy (CACI-ImpacT platform). Front Immunol (2019) 10:1133. doi: 10.3389/fimmu.2019.01133

144. Schnalzger, TE, de Groot, MH, Zhang, C, Mosa, MH, Michels, BE, Röder, J, et al. 3D model for CAR-mediated cytotoxicity using patient-derived colorectal cancer organoids. EMBO J (2019) 38. doi: 10.15252/embj.2018100928

145. Tibbitt, MW, and Anseth, KS. Hydrogels as extracellular matrix mimics for 3D cell culture. Biotechnol Bioeng (2009) 103:655–63. doi: 10.1002/bit.22361

146. Gopal, S, Kwon, S-J, Ku, B, Lee, DW, Kim, J, and Dordick, JS. 3D tumor spheroid microarray for high-throughput, high-content natural killer cell-mediated cytotoxicity. Commun Biol (2021) 4:893. doi: 10.1038/s42003-021-02417-2

147. Ishikura, H, Takahashi, C, Kanagawa, K, Togashi, M, Koyanagi, T, and Yoshiki, T. Susceptibility of renal tubular cells to lymphokine-activated killer (LAK) cells: application of culture system using a collagen gel matrix. Virchows Arch B Cell Pathol Incl Mol Pathol (1993) 63:115–21. doi: 10.1007/BF02899250

148. Ayuso, JM, Virumbrales-Muñoz, M, Lacueva, A, Lanuza, PM, Checa-Chavarria, E, Botella, P, et al. Development and characterization of a microfluidic model of the tumour microenvironment. Sci Rep (2016) 6:36086. doi: 10.1038/srep36086

149. Ayuso, JM, Rehman, S, Virumbrales-Munoz, M, McMinn, PH, Geiger, P, Fitzgerald, C, et al. Microfluidic tumor-on-a-chip model to evaluate the role of tumor environmental stress on NK cell exhaustion. Sci Adv (2021) 7:1–14. doi: 10.1126/sciadv.abc2331

150. Marrella, A, Dondero, A, Aiello, M, Casu, B, Olive, D, Regis, S, et al. Cell-laden hydrogel as a clinical-relevant 3D model for analyzing neuroblastoma growth, immunophenotype, and susceptibility to therapies. Front Immunol (2019) 10:1876. doi: 10.3389/fimmu.2019.01876

151. Temples, MN, Adjei, IM, Nimocks, PM, Djeu, J, and Sharma, B. Engineered three-dimensional tumor models to study natural killer cell suppression. ACS Biomater Sci Eng (2020) 6:4179–99. doi: 10.1021/acsbiomaterials.0c00259

152. Nguyen, OTP, Misun, PM, Lohasz, C, Lee, J, Wang, W, Schroeder, T, et al. An immunocompetent microphysiological system to simultaneously investigate effects of anti-tumor natural killer cells on tumor and cardiac microtissues. Front Immunol (2021) 12:781337. doi: 10.3389/fimmu.2021.781337

153. Lohasz, C, Rousset, N, Renggli, K, Hierlemann, A, and Frey, O. Scalable microfluidic platform for flexible configuration of and experiments with microtissue multiorgan models. SLAS Technol (2019) 24:79–95. doi: 10.1177/2472630318802582

154. Christakou, AE, Ohlin, M, Onfelt, B, and Wiklund, M. Ultrasonic three-dimensional on-chip cell culture for dynamic studies of tumor immune surveillance by natural killer cells. Lab Chip (2015) 15:3222–31. doi: 10.1039/C5LC00436E

155. Olofsson, K, Carannante, V, Ohlin, M, Frisk, T, Kushiro, K, Takai, M, et al. Acoustic formation of multicellular tumor spheroids enabling on-chip functional and structural imaging. Lab Chip (2018) 18:2466–76. doi: 10.1039/c8lc00537k

156. Sandström, N, Carannante, V, Olofsson, K, Sandoz, PA, Moussaud-Lamodière, EL, Seashore-Ludlow, B, et al. Miniaturized and multiplexed high-content screening of drug and immune sensitivity in a multichambered microwell chip. Cell Rep Methods (2022) 2:100256. doi: 10.1016/j.crmeth.2022.100256

157. Wiklund, M. Acoustofluidics 12: biocompatibility and cell viability in microfluidic acoustic resonators. Lab Chip (2012) 12:2018. doi: 10.1039/c2lc40201g

158. Wiklund, M, and Önfelt, B. Ultrasonic manipulation of single cells. In: Single-Cell Analysis. Methods in Molecular Biology Humana Press (2012). 853 p. 177–96. doi: 10.1007/978-1-61779-567-1_14

159. Wiklund, M, Christakou, AE, Ohlin, M, Iranmanesh, I, Frisk, T, Vanherberghen, B, et al. Ultrasound-induced cell-cell interaction studies in a multi-well microplate. Micromachines (Basel) (2014) 5:27–49. doi: 10.3390/mi5010027

160. Vanherberghen, B, Manneberg, O, Christakou, A, Frisk, T, Ohlin, M, Hertz, HM, et al. Ultrasound-controlled cell aggregation in a multi-well chip. Lab Chip (2010) 10:2727–32. doi: 10.1039/c004707d

161. Christakou, AE, Ohlin, M, Vanherberghen, B, Khorshidi, MA, Kadri, N, Frisk, T, et al. Live cell imaging in a micro-array of acoustic traps facilitates quantification of natural killer cell heterogeneity. Integr Biol (Camb) (2013) 5:712–9. doi: 10.1039/c3ib20253d

162. Nagahashi, K, Teramura, Y, and Takai, M. Stable surface coating of silicone elastomer with phosphorylcholine and organosilane copolymer with cross-linking for repelling proteins. Colloids Surf B Biointerfaces (2015) 134:384–91. doi: 10.1016/j.colsurfb.2015.07.040

163. Kiessling, R, Klein, E, and Wigzell, H. "Natural” killer cells in the mouse. i. cytotoxic cells with specificity for mouse moloney leukemia cells. specificity and distribution according to genotype. Eur J Immunol (1975) 5:112–7. doi: 10.1002/eji.1830050208

164. Kiessling, R, Klein, E, Pross, H, and Wigzell, H. "Natural” killer cells in the mouse. II. cytotoxic cells with specificity for mouse moloney leukemia cells. characteristics of the killer cell. Eur J Immunol (1975) 5:117–21. doi: 10.1002/eji.1830050209

165. Guldevall, K, Vanherberghen, B, Frisk, T, Hurtig, J, and Christakou, AE. Imaging immune surveillance of individual natural killer cells confined in microwell arrays. PloS One (2010) 5:15453. doi: 10.1371/journal.pone.0015453

166. Vanherberghen, B, Olofsson, PE, Forslund, E, Sternberg-Simon, M, Khorshidi, MA, Pacouret, S, et al. Classification of human natural killer cells based on migration behavior and cytotoxic response. Blood (2013) 121:1326–34. doi: 10.1182/blood-2012-06-439851

167. Guldevall, K, Brandt, L, Forslund, E, Olofsson, K, Frisk, TW, Olofsson, PE, et al. Microchip screening platform for single cell assessment of NK cell cytotoxicity. Front Immunol (2016) 7:119. doi: 10.3389/fimmu.2016.00119

168. Herberman, RB, Aoki, T, Nunn, M, Lavrin, DH, Soares, N, Gazdar, A, et al. Specificity of 51Cr-release cytotoxicity of lymphocytes immune to murine sarcoma virus. J Natl Cancer Inst (1974) 53:1103–11. doi: 10.1093/jnci/53.4.1103

169. Alter, G, Malenfant, JM, and Altfeld, M. CD107a as a functional marker for the identification of natural killer cell activity. J Immunol Methods (2004) 294:15–22. doi: 10.1016/j.jim.2004.08.008

170. Granger, JE, and Appledorn, DM. Kinetic measurement of apoptosis and immune cell killing using live-cell imaging and analysis. Methods Mol Biol (2021) 2255:197–212. doi: 10.1007/978-1-0716-1162-3_17

171. Höppner, M, Luhm, J, Schlenke, P, Koritke, P, and Frohn, C. A flow-cytometry based cytotoxicity assay using stained effector cells in combination with native target cells. J Immunol Methods (2002) 267:157–63. doi: 10.1016/s0022-1759(02)00167-9

172. Bryceson, YT, Fauriat, C, Nunes, JM, Wood, SM, Björkström, NK, Long, EO, et al. Functional analysis of human NK cells by flow cytometry. Methods Mol Biol (2010) 612:335–52. doi: 10.1007/978-1-60761-362-6_23

173. Godoy-Ramirez, K, Franck, K, and Gaines, H. A novel method for the simultaneous assessment of natural killer cell conjugate formation and cytotoxicity at the single-cell level by multi-parameter flow cytometry. J Immunol Methods (2000) 239:35–44. doi: 10.1016/s0022-1759(00)00161-7

174. Erbe, AK, Wang, W, Gallenberger, M, Hank, JA, and Sondel, PM. Natural killer cells.  SS Somanchi, editor. New York, NY: Springer New York (2016) p. 4370–1. doi: 10.1007/978-1-4939-3684-7

175. Brunner, KT, Mauel, J, Cerottini, JC, and Chapuis, B. Quantitative assay of the lytic action of immune lymphoid cells on 51-cr-labelled allogeneic target cells in vitro; inhibition by isoantibody and by drugs. Immunology (1968) 14:181–96.

176. Hirte, HW, and Clark, DA. Factors determining the ability of cytokine-activated killer cells to lyse human ovarian carcinoma targets. Cell Immunol (1991) 136:122–32. doi: 10.1016/0008-8749(91)90387-Q

177. Schmit, T, Klomp, M, and Khan, MN. An overview of flow cytometry: its principles and applications in allergic disease research. Methods Mol Biol (2021) 2223:169–82. doi: 10.1007/978-1-0716-1001-5_13

178. van der Velden, VHJ, and Scid, T. Modern flow cytometry. Erasmus (2015) 83(1):1–6.

179. Shapiro, HM, and Telford, WG. Lasers for flow cytometry: current and future trends. Curr Protoc Cytom (2018) 83. doi: 10.1002/cpcy.30

180. van der Meer, JMR, Maas, RJA, Guldevall, K, Klarenaar, K, de Jonge, PKJD, Evert, JSHH, et al. IL-15 superagonist n-803 improves IFNγ production and killing of leukemia and ovarian cancer cells by CD34+ progenitor-derived NK cells. Cancer Immunology Immunotherapy (2021) 70:1305–21. doi: 10.1007/s00262-020-02749-8

181. Holmes, TD, El-Sherbiny, YM, Davison, A, Clough, SL, Blair, GE, and Cook, GP. A human NK cell Activation/Inhibition threshold allows small changes in the target cell surface phenotype to dramatically alter susceptibility to NK cells. J Immunol (2011) 186:1538–45. doi: 10.4049/jimmunol.1000951

182. Morimoto, T, Nakazawa, T, Matsuda, R, Nishimura, F, Nakamura, M, Yamada, S, et al. Evaluation of comprehensive gene expression and NK cell-mediated killing in glioblastoma cell line-derived spheroids. Cancers (Basel) (2021) 13:4896. doi: 10.3390/cancers13194896

183. Veneziani, I, Infante, P, Ferretti, E, Melaiu, O, Battistelli, C, Lucarini, V, et al. Nutlin-3a enhances natural killer cell–mediated killing of neuroblastoma by restoring p53-dependent expression of ligands for NKG2D and DNAM-1 receptors. Cancer Immunol Res (2021) 9:170–83. doi: 10.1158/2326-6066.CIR-20-0313

184. Cristaldi, DA, Sargenti, A, Bonetti, S, Musmeci, F, Delprete, C, Bacchi, F, et al. A reliable flow-based method for the accurate measure of mass density, size and weight of live 3D tumor spheroids. Micromachines (Basel) (2020) 11:1–13. doi: 10.3390/mi11050465

185. Klöss, S, Chambron, N, Gardlowski, T, Weil, S, Koch, J, Esser, R, et al. Cetuximab reconstitutes pro-inflammatory cytokine secretions and tumor-infiltrating capabilities of sMICA-inhibited NK cells in HNSCC tumor spheroids. Front Immunol (2015) 6:543. doi: 10.3389/fimmu.2015.00543

186. Carannante, V, Sandström, N, Olofsson, K, Van Ooijen, H, Hell, B, Wiklund, M, et al. “Generation of tumor spheroids in microwells to study NK cell cytotoxicity, infiltration and phenotype.,”. Methods Cell Biol Acad Press (2023). doi: 10.1016/bs.mcb.2023.01.001

187. Särchen, V, Shanmugalingam, S, Kehr, S, Reindl, LM, Greze, V, Wiedemann, S, et al. Pediatric multicellular tumor spheroid models illustrate a therapeutic potential by combining BH3 mimetics with natural killer (NK) cell-based immunotherapy. Cell Death Discovery (2022) 8:11. doi: 10.1038/s41420-021-00812-6

188. Edwards, SJ, Carannante, V, Kuhnigk, K, Ring, H, Tararuk, T, Hallböök, F, et al. High-resolution imaging of tumor spheroids and organoids enabled by expansion microscopy. Front Mol Biosci (2020) 7:208. doi: 10.3389/fmolb.2020.00208

189. Huisken, J, Swoger, J, del Bene, F, Wittbrodt, J, and Stelzer, EHK. Optical sectioning deep inside live embryos by selective plane illumination microscopy. Science (2004) 305:1007–9. doi: 10.1126/science.1100035

190. Weber, M, Mickoleit, M, and Huisken, J. Light sheet microscopy. 1st ed. Elsevier Inc (2014) p. 193–215. doi: 10.1016/B978-0-12-420138-5.00011-2

191. Reynaud, EG, Kržič, U, Greger, K, and Stelzer, EHK. Light sheet-based fluorescence microscopy: more dimensions, more photons, and less photodamage. HFSP J (2008) 2:266–75. doi: 10.2976/1.2974980

192. Lorenzo, C, Frongia, C, Jorand, R, Fehrenbach, J, Weiss, P, Maandhui, A, et al. Live cell division dynamics monitoring in 3D large spheroid tumor models using light sheet microscopy. Cell Div (2011) 6:22. doi: 10.1186/1747-1028-6-22

193. Krneta, T, Gillgrass, A, Chew, M, and Ashkar, AA. The breast tumor microenvironment alters the phenotype and function of natural killer cells. Cell Mol Immunol (2016) 13:628–39. doi: 10.1038/cmi.2015.42




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

Copyright © 2023 Carannante, Wiklund and Önfelt. 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.




[image: image]


OPS/images/fimmu.2023.1115536/im109.jpg





OPS/images/fimmu.2023.1115536/im11.jpg





OPS/images/fimmu.2023.1115536/im110.jpg





OPS/images/fimmu.2023.1115536/im111.jpg





OPS/images/fimmu.2023.1115536/im105.jpg





OPS/images/fimmu.2023.1115536/im106.jpg





OPS/images/fimmu.2023.1115536/im107.jpg





OPS/images/fimmu.2023.1115536/im108.jpg





OPS/images/fimmu.2023.1115536/im103.jpg





OPS/images/fimmu.2023.1115536/im104.jpg





OPS/images/fimmu.2023.1115536/im5.jpg





OPS/images/fimmu.2023.1115536/im49.jpg





OPS/images/fimmu.2023.1115536/im48.jpg





OPS/images/fimmu.2023.1115536/im47.jpg





OPS/images/fimmu.2023.1115536/im46.jpg





OPS/images/fimmu.2023.1115536/im45.jpg
(p/g = c/h)xy





OPS/images/fimmu.2023.1115536/im44.jpg
h - ak) /W





OPS/images/fimmu.2023.1115536/im43.jpg





OPS/images/fimmu.2023.1115536/im119.jpg





OPS/images/fimmu.2023.1115536/im12.jpg





OPS/images/fimmu.2023.1115536/im120.jpg





OPS/images/fimmu.2023.1115536/im115.jpg





OPS/images/fimmu.2023.1115536/im116.jpg
AE 1075,

', 10']





OPS/images/fimmu.2023.1115536/im117.jpg





OPS/images/fimmu.2023.1115536/im118.jpg





OPS/images/fimmu.2023.1115536/im112.jpg





OPS/images/fimmu.2023.1115536/im113.jpg
1% 10"





OPS/images/fimmu.2023.1115536/im114.jpg





OPS/images/fimmu.2023.1173546/fimmu-14-1173546-g006.jpg
Normalized tumor burden

w

~

o

[

Targetonly

n=160

2 4 6 8 10 12 14 16 18
Weeks on treatment

SN e

Normalized tumor burden
o

Nontargetonly
n=167

[~ Saivage chemotherapy
| ——— Pembrolizumab beyond progression

0 2 4 6 8 10 12 14 16 18

Weeks on treatment





OPS/images/fimmu.2023.1173546/fimmu-14-1173546-g005.jpg
iiii. Virtual Patient with

i Asingle . Virtual Patient multiple target lesions iv. Virtual Population
Prototypical target with multiple & probability of non-
lesion target lesions target related PD

e b B





OPS/images/fimmu.2023.1173546/fimmu-14-1173546-g004.jpg
100

80

60

40

% of lesions

20

o}
0 20 40 60 80 100 120 140 160 180 200
Patient number

M Growing WEN Stable NN Shinking

100 + — o
0 20 40 60 80 100 120 140 160 180 200

Patient number






OPS/images/fimmu.2023.1173546/fimmu-14-1173546-g003.jpg
o
o

Time

o6) snauseg uroBue> g) o) ur 2By
o w

s

- m e

o) oo uroBuew ) o uroBuey>

s
a0

Time

g) o uroBueuy
<«





OPS/images/fimmu.2023.1173546/fimmu-14-1173546-g002.jpg
Patient #3

)

Patient #2

[

Patient #1

() meueg usten o meusg usten [y

1a8se] 198181-UON S9N MIN





OPS/images/fimmu.2023.1173546/fimmu-14-1173546-g001.jpg
od) o v oBe

(o) =19 u oo





OPS/images/fimmu.2023.1173546/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2023.1155085/M1.jpg
s il kb i)
P = R A(arrienCldonar)





OPS/images/fimmu.2023.1115536/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2023.1155085/fimmu-14-1155085-g003.jpg
PDAC

Q 5
9 . g
| e ovo I _ %,
* b %
*
© * * + %Q * 0%
* o * * o o,
* * 00\, n * v\o
14 © i i % * i "
ri - H x % Tm o *n
E ° M . * Q %
A * % X %,
* o TR * R
x Q & 9 )
o : %, %5 vo &
L - ® « « o * . O @4 ¥ =S
SEEIT b=~ o % Ly N
o “ 9 @40 - % %
O Nocells No HUVEC A R s w— — T, % X
o 9 9o 9 o o o D,
1 ‘ © B ¥ ® « - s p3 S iy A
aue| a|ppIW SpIemo} uonelbIy % = 5 e
w o 1unoo 180 Yz,
HUVEC-PSC HUVEC-PSC-PDAC
No PSC All cells .. 0
‘ ‘ e vaacdip bl o B ,M%%mwx o)
° VO
Q@ (%
[) O%
m 9 o,
= 00\
A A 8 9
c o 2
© b
k7 009 %
a . j? O,
P “ fw psna v % &
N OQO O%Q
= NERCVIRCN
N4 2
o XD
¥, ), 4
& g g g % %
0 2 2
(wr) soueysig

SOVAd-D3IANH Ajuo 23ANH






OPS/images/fimmu.2023.1155085/fimmu-14-1155085-g004.jpg
A ccL2 B (& IL8
i8 . 25
20
H < 3
210 g 515
= = £ 210 J
55 = 2
J v £ “0.5
o ccL2
O O
O O O O
& € go‘;og" L CcCL4
<
D E CXCL13 F cxcL1
25 6
a
' 420 » y CXCL10
e Eis g i
$ 5" E CXCL13
5 51.0 5 %
z z 3 o
H £os € FGF2

o O O O O IL6
F € &F EFF
< Y ¢/ ,},oo
&< L8
G H | FGF2
15 6 n 8 TNF
o 2} g6
< <
& g4 g
5 A i
2 2 24
H 5 H
S 5 5
z z 2 z
e g u g2
5P -
0 — ol
O O O & O L O &
¥ &K S F F
& QJ‘Q 0,{’ &F R o,qb
2 & B
< &<






OPS/images/fimmu.2023.1155085/fimmu-14-1155085-g005.jpg
% Migration

Migration towards PDACs

60
.
- S
40
o/® %
20
0 L —
¥ >R @ P 2
Q2 00 0&00\ OQQQQ
€ R
RS

total number of PBMCs

300

200

100

Migration towards PDACs

o

NG ‘b\"o
,oooo\

«°

@°°

&
@

= total

migrated
to bottom





OPS/images/fimmu.2023.1155085/fimmu-14-1155085-g006.jpg
8 (i)

foldchange PBMC migration

A TEER

3

S I

N

=

E

o

e

“

:

I

& i
0 T T T

o N ° ®

days after HUVEC seeding

(ii)

24h bottom 48h bottom
* KKk
—‘ * kKoK
20 T—— 2.0
® s
15 k3 S5
- £
g
1.0 @ 1.0
['%
[}
S
2
05 g o5
5
hej
]
0.0 T T 0.0
D X XL & @

P S E LS
FITFESS S
S & ,,)"K RS

Q\

No treatment

Halofuginone

Calcein-AM, DraQ7, NucBlue

% dead cells

untreated
Losartan
Vismodegib

Galunisertib

—_
~

72h bottom

2.0

foldchange PBMC migration
5

Live and Dead assay

50 % %k %k %k
-

o
40+ :
304 % % %k
20
i . . l ﬁ
0 T T

,bzb e&) 0{29 _\&)Q (@Q 00
& & &S &P Q\o
ST I





OPS/images/fimmu.2023.1172262/table1.jpg
Methods

\

Organoid
type

Functions

References

D Mice 1. CNTs reduce the hardness of the extracellular matrix; 2. CNTs induce an
S CNTs intestinal increase in mitochondrial activity, accelerated cellular respiration and (38)
YEro organoid nutrient absorption.
iNP with 25- in di Mice B cell
SINP with 25-30 nm in diameter and | Mice B ce SINP increase the stability of the hydrogel system Making it closer to the
1 nm in thickness;obtained from follicle P (39)
Southern Clay Products Inc., USA organoid SarRTImpAste Hae
BEP-1 laden MSNs (pep@MSNs) Humarf bone pep@MSNs‘ release BFP-1 to induce osteo-differentiation after cell spreading (0)
organoid and expansion.
microwell Nanofibrous concave microwells NA Modify the properties of cell spheroids by controlling the shape of “3)
array (NCMs) nanofibrous concave microwells.
Human
parotid . N . .
Nanofibrous scaffolds B Increas efficiency of acinar-like organoid formation. (43)
epithelial
organoid
Human
hepatocellul:
Nanofibrous CPRIOCEIUAT | hable microwell to possess both a high aspect ratio and a high well density (44)
carcinoma
organoid
R Nanoshuttles (NS), consisting of gold, . By electrostatic attachment to the cell membrane, the cells are magnetized.
Magnetic . . . Murine . .
Tevitation iron oxide, and poly-I-lysine; SE— ‘When cells are resuspended in medium, they can be suspended from any “8)
8 NanoShuttle (NS, Nano3D ipose t stiff substrate by clumping them to the air liquid interface with a magnet
culture L organoids
Biosciences, Houston, TX). placed above the culture vessel.
Hi fetal
NanoShuttle solution of magnetic ‘:"‘:‘1‘ f Electrostatically attach to the cell membranes and endowed the cells with &
steoblas!
nanoparticles (NanoShuttle TM-PL) ng:mi " magnetic properties
A nanoparticle assembly consisting of |
poly-L-lysine (PLL),* magnetic iron . Biocompatible nanoparticles are taken up by cells and render them
g N bronchiole 5 X . X (49)
oxide (MIO; Fe304, magnetite), and segiond magnetic, allowing them to be magnetically manipulated
gold nanoparticles 8
. Breast cancer This nanomaterial can be used for internalization by cancer cells to achieve
C-Co nanoparticles . . . L - (51)
organoid nanomagnetic suspension, and form three-dimensional cancer microtissues.
Nanoshuttle (Greiner Bio-One, Rat spinal S ; oo )
Monroe, NC) cord organoid mparting magnetic properties to cells
. . Human The nanoparticles assit forming “liquid marbles" structures reducing the
Hydrophobic fumed sil d
IELOPRe IerineC S poncer cardiac scale of the experiment. Thus, this technic enables higherthroughput (53)
nanoparticles ¢ 5
organoid applications
NanoShuttle™-PL solution (Nano3D Human
Bioreactor | oo o salivary gland | Support cell proliferation and metabolism (57)
Biosciences, cat. no. 005-NS). :
organoid
Human
Hydrophobic polytetrafluoroethylene pancreatic ; . 4
(PTFE) powder particles Mini- Support cell proliferation and metabolism (54)
organoids
D Human This nanomaterial composes a novel bioink with alginate. The novel bioink
bispAE Nanofibrillated cellulose (NFC) cartilage provids stability for 3D bioprinting of living cells at room temperature and (60)
HOpRELTE organoid atmospheric pressure.
Human
g {
NanoShuttle™.PL SeeR . support cell proliferation and metabolism 7)
epithelial
organoid
- . Serve as the contrast agent to monitor the repair of the lesion site and the
Ultrasmall superparamagnetic iron Human bile . z N N . R )
degradation of the bile duct in real time by magnetic resonance imaging (59)

oxide (USPIO) nanoparticles

duct organoid

(MRI)





OPS/images/fimmu.2023.1155085/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2023.1155085/fimmu-14-1155085-g001.jpg
PDAC PSC HUVEC Q

o

PhaseGuide™ PhaseGuide™

PhaseGuide™





OPS/images/fimmu.2023.1155085/fimmu-14-1155085-g002.jpg
>

-TNFa + TNFa
B
-TNFa + TNFa
‘v
Q
e |
Z
i
Is4)
[a)
O
3 ©
T 3 =
© o
S o
z Z 0
=
<C
Q 155kDa Dextran
(o] D
Bl assay TEER
1e-005 8-
1e-005
6_
8e-006
a i
o5 60061 1\ i
PR —— TNFa o
4e-006 ., —e— no treatment —— TNFa
2 —— no treatment
2e-006
0 T T T 0
3 4 5 6 7 3 4 5 6 7
Days after HUVEC seeding Days after HUVEC seeding
E F total PBMC count

100 400

% %k %k %k « Oh

80 e 24h
e 48h -
bottom
60 = lane
40 4 200 == total
20 ‘ 100
+

+ - TNFa - TNFa

w
€.
o

PBMC migration towards PDAC [%)]
Cell count per chip






OPS/images/fimmu.2023.1135148/fimmu-14-1135148-g001.jpg





OPS/images/fimmu.2023.1135148/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2023.1173546/table1.jpg
A Change in the Sum of diameters of Target Non-Target Lesions

Complete Resporse’ 100%. Absent Absent
Partil Respons” <% Not Progresing Absent
Stable Discse” %10+ 20% No Progresing Absent
Progression” i20% Progresing. Present

Al e condions s e,
B0 kel W ey e o s .





OPS/images/fimmu.2023.1115536/im102.jpg





OPS/images/fimmu.2023.1115536/im1.jpg





OPS/images/fimmu.2023.1115536/im10.jpg





OPS/images/fimmu.2023.1115536/im100.jpg





OPS/images/fimmu.2023.1115536/im101.jpg





OPS/images/fimmu.2023.1115536/fimmu-14-1115536-g002.jpg
Population x(t) (Cl)

Logistic Growth

K=10Cl

4 6
Time t (hrs)

10

Population x(t) (Cl)

Weak Allee Effect

Strong Allee Effect

Population x(t) (Cl)

4 6 8 10
Time t (hrs)

Time t (hrs)

10





OPS/images/fimmu.2023.1115536/fimmu-14-1115536-g003.jpg
Cancer cell-CAR T-cell binding diagrams

Double cancer cell-
CAR T-cell conjugate

Single cancer cell-
CAR T-cell conjugate

cancer cell (x) .

+
CAR T-cell (y) :#i

)
| oo

conjugate Iy

CAR T-cell (y)

rate
constants

conjugate |y

ks / \kzﬂ)
end-states *

end-state
constants a c

Binding rate B(y) (hrs™1)

Response rate R(x) (hrs1)

CAR T-cell binding models

20

15 4

10

5 — Single Binding
— Double Binding
__ Effective Double
Binding
0 2 4 6 8 10

CAR T-cell population y(t) (Cl)

CAR T-cell functional response models

24 — Type |
— Typelll
— Type lll

0 5 10 15 20 25 30
Cancer cell population x(t) (Cl)





OPS/images/fimmu.2023.1115536/fimmu-14-1115536-g004.jpg
4.5
4.0

Cell Index (CI)
o mom N N W
wn o w o w o

=
o

4.5
4.0
3.5
530

25

2.0

ell Inde:

)

B Cc
4.5 4.5
Effector:Target — 1:4 o Effector:Target — 1:8 a0 Effector:Target — 1:20
3.5 3.5
e Measured Cancer Cells 530 530
Splined Measured Cancer Cells 525 g 25
© Latent CAR T-cells 2 S
—— Splined-Latent CAR T-cells y 20 o 2.0
® Measured CAR T-cells 315 315
1.0 1.0
05 Wu—n——.-n 0.5 D
o
0.0 . 0.0
40 60 80 100 120 140 160 40 60 80 100 120 140 160 40 60 80 100 120 140 160
Time (Hours) Time (Hours) Time (Hours)
E F
4.5 4.5
Effector:Target — 1:4 5 Effector.Target — 1:8 i6 2N Effector:Target — 1:20
35 3.5 o
3.0 =3.0 ’
e Cancer cells measured, splined ) S, & — R —— e —
— - Cancer cells SINDy, predicted & 25 325 / S
* CAR T-cells latent, splined E 2.0 E 2.0 I
==+ CAR T-cells SINDy, predicted 3 3 .
o 1l5 015 I
1.0 \'~._._._._._._ 1.0
0.5 /————_ ——— 0.5
0.0 0.0
50 100 150 200 250 50 100 150 200 250 50 100 150 200 250
Time (hours) Time (hours)

Time (hours)






OPS/images/fimmu.2023.1115536/fimmu-14-1115536-g005.jpg
CAR-T Cells (CI)

o
[N}

Cancer Cells (Cl)

»

w

N

=

o

Ly
o

o
©

o
o

I
>

o©
o

—— CARRGO Model

—+= SINDy Model @ ET=14

60 80 100
Time (Hours)

*

E:T=1:8

X ET=1:20






OPS/images/fimmu.2023.1115536/fimmu-14-1115536-g001.jpg
¢ Control |
¢ Treatment

Cell Index
>

)
E
F
I
S b
geelel i

Microelectrodes XxCELLigence - 40 76;6 T 80

plate . cell analyzer Time (Hours)
1 day 6-8 days

l Attachment CAR T-cells killing cancer cells

Plate adherent Add non-adherent Cell harvest
- - :6:1:6:

cancer cells CAR T-cells :

- ¥ IRE 6 o - -

w&i * ”: .*' ’,Q :ﬁ
b FACS analysis






OPS/images/fimmu.2023.1115536/im57.jpg





OPS/images/fimmu.2023.1115536/im56.jpg





OPS/images/fimmu.2023.1115536/im55.jpg





OPS/images/fimmu.2023.1115536/im54.jpg





OPS/images/fimmu.2023.1115536/im53.jpg





OPS/images/fimmu.2023.1115536/im52.jpg





OPS/images/fimmu.2023.1115536/im51.jpg





OPS/images/fimmu.2023.1115536/im50.jpg





OPS/images/fimmu.2023.1115536/im59.jpg





OPS/images/fimmu.2023.1115536/im58.jpg





OPS/images/fimmu.2023.1135148/fimmu-14-1135148-g005.jpg
[CINK92 GFP* [INK CellTrace Far Red
A498 RFP* B A498 YFP*
[ ] Nuclei






OPS/images/fimmu.2023.1135148/fimmu-14-1135148-g004.jpg
12 hrs 24 hrs 48 hrs 72 hrs

o]
o

< 120 —e— A498 + NK 5 1.0 —e— A498 + NK
(= %
> < o8
= 3
8 2% iy
s = I|||I|II|III T
b QS 04 lllmnu i
g kS iy
2 g 02
S a ;
» g of
0 8 16 24 32 40 48 56 64 72 0 8 16 24 32 40 48 56 64 72

Hours Hours





OPS/images/fimmu.2023.1135148/fimmu-14-1135148-g003.jpg





OPS/images/fimmu.2023.1135148/fimmu-14-1135148-g002.jpg
Recognition of tumor cells Antibody-dependent cellular cytotoxicity
and virus-infected cells

T cell priming
and recruitment

Arterial remodelling
and trophoblast invasion

Macrophage and DC Resolution of liver fibrosis
crosstalk





OPS/images/fimmu.2023.1115536/im13.jpg





OPS/images/fimmu.2023.1115536/im78.jpg





OPS/images/fimmu.2023.1115536/im129.jpg





OPS/images/fimmu.2023.1115536/im77.jpg
K, > Kgodiolid





OPS/images/fimmu.2023.1115536/im128.jpg





OPS/images/fimmu.2023.1115536/im76.jpg





OPS/images/fimmu.2023.1115536/im127.jpg





OPS/images/fimmu.2023.1115536/im75.jpg





OPS/images/fimmu.2023.1115536/im126.jpg





OPS/images/fimmu.2023.1115536/im74.jpg





OPS/images/fimmu.2023.1115536/im125.jpg





OPS/images/fimmu.2023.1115536/im73.jpg





OPS/images/fimmu.2023.1115536/im124.jpg





OPS/images/fimmu.2023.1115536/im72.jpg





OPS/images/fimmu.2023.1115536/im123.jpg





OPS/images/fimmu.2023.1115536/im71.jpg





OPS/images/fimmu.2023.1115536/im122.jpg





OPS/images/fimmu.2023.1115536/im70.jpg





OPS/images/fimmu.2023.1115536/im7.jpg





OPS/images/fimmu.2023.1115536/im131.jpg
Xy





OPS/images/fimmu.2023.1115536/im68.jpg





OPS/images/fimmu.2023.1115536/im67.jpg





OPS/images/fimmu.2023.1115536/im66.jpg





OPS/images/fimmu.2023.1115536/im65.jpg





OPS/images/fimmu.2023.1115536/im64.jpg





OPS/images/fimmu.2023.1115536/im62.jpg
AfatT





OPS/images/fimmu.2023.1115536/im61.jpg





OPS/images/fimmu.2023.1115536/im60.jpg
Pk





OPS/images/fimmu.2023.1115536/im6.jpg





OPS/images/cover.jpg
& frontiers | Research Topics.

Organoids, organs-on-chip,
nanoparticles and in silico
approaches to dissect the
tumor-immune dynamics and
to unveil the drug resistance
mechanisms to therapy in the
tumor microenvironment






OPS/images/fimmu.2023.1115536/im69.jpg





OPS/images/fimmu.2023.1115536/im15.jpg





OPS/images/fimmu.2023.1115536/im149.jpg





OPS/images/fimmu.2023.1115536/im96.jpg





OPS/images/fimmu.2023.1115536/im148.jpg





OPS/images/fimmu.2023.1115536/im95.jpg





OPS/images/fimmu.2023.1115536/im147.jpg





OPS/images/fimmu.2023.1115536/im94.jpg





OPS/images/fimmu.2023.1115536/im146.jpg





OPS/images/fimmu.2023.1115536/im93.jpg





OPS/images/fimmu.2023.1115536/im145.jpg





OPS/images/fimmu.2023.1115536/im92.jpg





OPS/images/fimmu.2023.1115536/im144.jpg





OPS/images/fimmu.2023.1115536/im91.jpg





OPS/images/fimmu.2023.1115536/im143.jpg
Xy





OPS/images/fimmu.2023.1115536/im90.jpg





OPS/images/fimmu.2023.1115536/im142.jpg





OPS/images/fimmu.2023.1115536/im9.jpg





OPS/images/fimmu.2023.1115536/im141.jpg





OPS/images/fimmu.2023.1115536/im89.jpg





OPS/images/fimmu.2023.1115536/im88.jpg





OPS/images/fimmu.2023.1115536/im140.jpg





OPS/images/fimmu.2023.1115536/im14.jpg





OPS/images/fimmu.2023.1115536/im87.jpg





OPS/images/fimmu.2023.1115536/im139.jpg





OPS/images/fimmu.2023.1115536/im86.jpg





OPS/images/fimmu.2023.1115536/im138.jpg





OPS/images/fimmu.2023.1115536/im85.jpg





OPS/images/fimmu.2023.1115536/im137.jpg





OPS/images/fimmu.2023.1115536/im84.jpg





OPS/images/fimmu.2023.1115536/im136.jpg





OPS/images/fimmu.2023.1115536/im83.jpg





OPS/images/fimmu.2023.1115536/im135.jpg





OPS/images/fimmu.2023.1115536/im82.jpg





OPS/images/fimmu.2023.1115536/im134.jpg
Xy





OPS/images/fimmu.2023.1115536/im81.jpg





OPS/images/fimmu.2023.1115536/im133.jpg





OPS/images/fimmu.2023.1115536/im80.jpg





OPS/images/fimmu.2023.1115536/im132.jpg
063





OPS/images/fimmu.2023.1115536/im8.jpg





OPS/images/fimmu.2023.1115536/im79.jpg





OPS/images/fimmu.2021.719116/fimmu-12-719116-g003.jpg
rm—

=il
=

4






OPS/images/fimmu.2021.719116/fimmu-12-719116-g004.jpg
et (seageetn)






OPS/images/fimmu.2021.719116/fimmu-12-719116-g005.jpg





OPS/images/fimmu.2020.614300/table1.jpg
Model

20 In vitro
Cuture piate
‘Wound heaing

30 In vitro
Organo/
Spheroid
Gocure

i vivo
Patent derved xenograts

Homanized o

Genetal engicered mice

Organ-on-a-chip.

Application
Adhasion

Gene expression
Ong screaring
Migation
Protfoaton
Migraion

Gone expression
Ong screening
Stromal crossiak
Imvmuno crosstak

Protfecaton
Migaion
invasion

Gene expression
Org sereenng

Advantages

S
Low cost
High throughput

Retan naiive tumor goometry
‘Col-calECM nteracton
Tumorhetercgensty

Tumor heterogensty

Tumor microenionment
Tumor hetercgensty
immunocompetent

Tumor microanvionent
Tumor heterogensiy
immunocompetent
Natualdsease progresson
Tumor microenvionent
Tumor eterogensty
Vascuar

Hydiodynamic propertes
Bochemical gradnt
Preciso contrl

Easy vsuatzaton

Disadvantages

Low predicie power
Lackcof ative archiecturo
Loss of tumor heterogenaiy

Avascar

Figh cost
Low scaabiy

Low predicive power






OPS/images/fimmu.2021.719116/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2021.719116/fimmu-12-719116-g001.jpg





OPS/images/fimmu.2021.719116/fimmu-12-719116-g002.jpg
oo 1051

Naie OB T ot

o s
o & = &
il - -2
E :
P —
ST
e
atpcaC +






OPS/images/fimmu.2020.605231/fimmu-11-605231-g008.jpg
Control
CD20/CD68

Control

Rituximab

lo4.6%

CDIIb

ssC

Rituximab
CD20/CD68
T

5

352

Phagocytosis (%)
R & 3 2

ek

o =
S B

Recovered DLBCL cells (%)
s
3

CD45

7 2 e

7 o T
Control Rituximab Control Rituximab
D20 FeyRIIB

Control
— Rituximab

Control
= Rituximab

= ) =0.129
2159 ok 235 i
i — H
.: = 3.0
2104 25
5 i
Bos 15
g0 Z10
5 205
g00 T Zo0.
Control Rituximab [ Control Rituximab





OPS/images/fimmu.2020.614300/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2020.614300/fimmu-11-614300-g001.jpg
o ‘Tumor Models Types and Applications
2D Cell Culture 3D Cell Culture ~ Murine Model  Organ-on-Chip

L
Ly gyt

+ Adhesion “Prolferation  + Prolferaton +Prolferation
+Migration *Migration *Migration +Migration

+Gene expression - Stromal crosstalk - Invasion Intravasation
-Drugscreening  +Immune crosstalk - Angiogenesis  * Extravasation

+Gene expression  + Gene expression  * Invasion
+Drugscreening  +Drugscreening  * Angiogenesis
- Stromal crosstalk

“Bokded sppicatons are e cossak
prtcuaywell sutd for e model Gena eprssion
o sree
J o— ——






OPS/images/fimmu.2023.1115536/im17.jpg





OPS/images/fimmu.2023.1115536/im169.jpg





OPS/images/fimmu.2023.1115536/M24.jpg





OPS/images/fimmu.2023.1115536/im168.jpg





OPS/images/fimmu.2023.1115536/M23.jpg
SlIx-o }H’MR(W)*— wiP (39)






OPS/images/fimmu.2023.1115536/im167.jpg





OPS/images/fimmu.2023.1115536/M22.jpg
) it} 2(0) xah) ) ) GFAR) Audin) HaY

| 604600 ) A 70 S i

i) i) 0 o) e i) sthb o siiilrtioed® aP





OPS/images/fimmu.2023.1115536/im166.jpg





OPS/images/fimmu.2023.1115536/M21.jpg
L
OX) = | X X* X* 37)
11|





OPS/images/fimmu.2023.1115536/im165.jpg





OPS/images/fimmu.2023.1115536/M20.jpg
£, (1) yn)
() ) i)

(36)

| e i)





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Organoids, organs-on-chip, nanoparticles and in silico approaches to dissect the tumor-immune dynamics and to unveil the drug resistance mechanisms to therapy in the tumor microenvironment



		Editorial: Organoids, organs-on-chip, nanoparticles and in silico approaches to dissect the tumor-immune dynamics and to unveil the drug resistance mechanisms to therapy in the tumor microenvironment



		Author contributions



		Funding



		Conflict of interest



		References









		Developing a 3D B Cell Lymphoma Culture System to Model Antibody Therapy



		Introduction



		Materials and Methods



		Primary Human Samples



		Cell Preparation



		Cell Staining and Flow Cytometry



		Flow Cytometry Analysis









		Adipocyte-Derived Stem Cell Differentiation



		Attachment Assay



		2D and 3D Co-Culture Assays



		CFSE-Labeling



		2D Antibody-Dependent Cell Phagocytosis (ADCP) Assay



		3D ADCP Assay



		Immunofluorescence Staining



		Whole Mount Staining of 3D Spheroid Cultures



		Immunohistochemical Staining



		Cluster Count and Average Cluster Size Analysis



		Statistical Analysis









		Results



		Primary DLBCL Cells Die In Vitro



		Human Adipocyte-Derived Stem Cells Can Be Differentiated Into Lymphoid Stroma



		ADSC-Derived Fibroblasts Interact With PBMC in Standard 2D In Vitro Cultures



		Primary DLBCL Cells Interact With ADSC-Derived Fibroblasts and Modulate Expression of Lymphoid Fibroblast Markers



		Generation of 3D Collagen Spheroid Co-Cultures



		Interactions Between Primary DLBCL Cells and ADSC-Derived Fibroblasts Persist in 3D Collagen Spheroids



		DLBCL Are Targets for Antibody Dependent Cellular Phagocytosis in 2D and 3D Models









		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions 



		Funding



		Acknowledgments



		Supplementary Material



		References









		Advances in Modeling the Immune Microenvironment of Colorectal Cancer



		Introduction



		Two-Dimensional (2D) Cultures



		Three-Dimensional (3D) Cultures



		In Vivo Models



		Organ-on-a-Chip Models



		Future Directions



		Author Contributions



		Funding



		Acknowledgments



		References









		Co-Stimulatory Bispecific Antibodies Induce Enhanced T Cell Activation and Tumor Cell Killing in Breast Cancer Models



		Introduction



		Materials and Methods



		BiMAb and TNFL Fusion Protein Cloning



		Production of BiMAb and TNFL Bifunctional Fusion Proteins



		Cell Lines and Culture Conditions



		Human Ex Vivo Breast Cancer Patients’ Samples



		T Cell Isolation



		In Vitro Cytotoxicity Assay



		Proliferation Assay



		Flow Cytometry



		Cytokine Measurement



		Three-Dimensional Spheroid Generation and Culture



		Statistical Analysis









		Results



		Enhanced Potency of T Cell-Stimulatory BiMAb Through Co-Stimulation



		Co-Stimulation Overrides Immunosuppression Imposed by the Microenvironment



		BiMAb Enhance T Cell Activation and Cytotoxicity Depending on TAA Expression Levels



		Split Co-Stimulation in Multicellular Tumor Spheroids



		Split Co-Stimulation With TNFL Bifunctional Fusion Proteins



		ICI Antibodies Enhance Anti-Tumor Effects of BiMAb-Induced Co-Stimulation



		Ex Vivo Patient-Derived Tumor Spheroids









		Discussion



		Data Availability Statement



		Ethics Statement 



		Author Contributions



		Funding



		Acknowledgments



		Supplementary Material



		Abbreviations



		References









		Multi-Omics Analysis for Transcriptional Regulation of Immune-Related Targets Using Epigenetic Data: A New Research Direction



		Background



		Methods



		Results



		Conclusion



		Highlights



		Introduction



		Materials and Methods



		Ethics



		Data Collection



		Infiltrating Immune Cells



		Integrative Analysis of GPCRs and Tumor-Infiltrating Macrophage



		A Novel Pipeline for TF Exploration



		Co-Analysis of ATAC-Seq and RNA-Seq Profiles



		Multi-Database Validation



		qPCR Validation



		Statistical Analysis









		Results



		Quantitation of Macrophages in COAD



		Identifying GPCRs Significantly Correlated With Macrophages in COAD



		Identification of the Potential Prognostic Biomarker GPRC5B



		Verification of GPRC5B Expression in COAD via qPCR



		Novel Pipeline Identified GATA4 as a Direct TF for GPRC5B



		Multiple Database Validation









		Discussion



		Conclusions



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Supplementary Material



		Abbreviations



		References









		Organoid Models for Precision Cancer Immunotherapy



		Introduction



		Organoid Culture Techniques for Immunotherapy Studies



		Submerged Matrigel Culture



		Microfluidic 3D Culture



		Air–Liquid Interface Culture



		Organoid On-a-Chip









		Complex Organoids for Immunotherapy



		Adding Immune Components



		Organoid Vascularization and Perfusion









		Application of Organoids in Immunotherapy



		Adoptive Cell Transfer Therapy



		Immune Checkpoint Inhibitors



		Other Immunotherapy Applications









		Conclusions



		Author Contributions



		Funding



		References









		Identification of epigenetic dysregulation gene markers and immune landscape in kidney renal clear cell carcinoma by comprehensive genomic analysis



		Introduction



		Materials and methods



		Data download and preprocessing



		The 450K methylation chip data and preprocessing



		Histone data and preprocessing



		Identification of PCGs with epigenetic dysregulation



		Genomic characterization of epigenetically dysregulated PCG



		PCG genomic map of epigenetic dysregulation characterized by different histone modifications



		Functional enrichment analysis on candidate PCGs with epigenetic dysregulation specific in KIRC



		Molecular subtyping of PCGs based on epigenetic dysregulation



		Random grouping of training set samples and single-factor analysis



		Least absolute shrinkage and selection operator (Lasso) cox regression for multi-factor risk analysis



		Functional analysis on the model pathways



		Cell culture



		Quantitative real-time PCR



		Western blot



		Statistical analysis









		Results



		Identification of PCGs with epigenetic dysregulation



		SsGSEA analysis of dysregulated epi-PCGs



		Epigenetic dysregulation of PCGs was closely related to RNA modification



		Identification of 3 molecular subtypes with prognostic differences based on epi-PCGs



		The immune characteristics and pathway characteristics of different molecular subtypes were significant



		C2 molecular subtype had a lower TIDE score



		Establishing a prognostic risk model based on epi-PCG-related genes



		Construction and evaluation of an 8-gene risk model



		The 8-gene signature had a strong robustness in different cohorts



		Riskscore can distinguish different clinical subgroup characteristics



		The relationship between RiskScore and the pathways



		The expression of the eight prognostic genes was correlated with immune infiltration and was differential in the three molecular subtypes



		The 8-gene signature was an independent prognostic risk factor for KIRC



		Comparison of risk models with other models



		Verification of the expression level of 8 epi-PCGs in vitro









		Discussion



		Data availability statement



		Author contributions



		Conflict of interest



		Supplementary material



		References









		3D cancer models: One step closer to in vitro human studies



		1 Introduction



		2 Chronicles of conventional cancer models in preclinical research



		3 3D models: Bridging the gap between cell cultures and live tissues



		3.1 Tumor spheroids



		3.2 Tumor organoids



		3.3 Tumor-on-a-Chip models









		Concluding remarks



		Author contributions



		Funding



		Conflict of interest



		Abbreviations



		References









		Intersection of nanomaterials and organoids technology in biomedicine



		1 Introduction



		2 Use nanomaterials to assist in the construction of organoid 3D culture systems



		2.1 The use of nanomaterials to alter the properties of the extracellular matrix



		2.2 Develop novel microwells with nanomaterials to culture organoids



		2.3 Nanomaterials participate in the magnetic levitation culture of organoids



		2.4 Make bioreactors from nanomaterials and use them for organoid culture



		2.5 Nanoparticles involved in 3D bioprinting of organoids



		2.6 Nanomaterials can give organoids more functions









		3 The combined application of organoids and nanomaterials provides new strategies for disease research



		3.1 Drug screening



		3.2 Live cell imaging



		3.3 Photodynamic therapy



		3.4 New electrochemical biosensors



		3.5 Immunotherapeutic studies combining nanomaterials with organoids









		4 Outlook and conclusions



		Author contributions



		Funding



		Conflict of interest



		References









		The tumor stroma influences immune cell distribution and recruitment in a PDAC-on-a-chip model



		Introduction



		Materials and methods



		Cell culture



		OrganoPlate 3-lane



		Barrier integrity assay



		TEER



		Transendothelial migration quantification



		Immunostaining



		Live and dead assay



		Luminex



		Stromal targeting



		Statistical analysis









		Results



		Development of a PDAC tumor microenvironment on-a-Chip



		Influence of the endothelial inflammatory status in PBMC migration



		Effect of PDAC stromal barrier on immune cell distribution and migration



		Soluble factors secretion changes in response to PDAC organoids and PSCs crosstalk



		PBMC subtype preferential migration in a PDAC model



		Influence of stromal targeting on barrier function and immune cell infiltration









		Discussion



		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Supplementary material



		References









		Data driven model discovery and interpretation for CAR T-cell killing using sparse identification and latent variables



		1 Introduction



		2 Materials and methods



		2.1 Experimental setup



		2.2 Effective interaction models



		2.2.1 Growth and death



		2.2.2 CAR T-cell-cancer cell binding



		2.2.3 Functional response



		2.2.4 Landscape of effective models









		2.3 Model discovery



		2.3.1 Latent variable analysis



		2.3.2 Sparse identification of non-linear dynamics















		3 Results



		3.1 Discovered models and simulated comparison



		3.1.1 High E:T discovered model



		3.1.2 Medium E:T discovered model



		3.1.3 Low E:T discovered model









		3.2 Comparison with CARRGO model



		3.3 Model stability



		3.4 Parameter identifiability









		4 Discussion



		4.1 Interpreting discovered coefficients



		4.2 Challenges and limitations



		4.3 Future directions and clinical applications









		5 Conclusions



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Supplementary material



		References









		Incorporating lesion-to-lesion heterogeneity into early oncology decision making



		Introduction



		Overview of RECIST v1.1



		Biases in RECISTv1.1









		Clinical data shows lesion-to-lesion heterogeneity



		Implications of ignoring lesion-to-lesion heterogeneity in decision-making



		Misleading interpretations of biomarkers sampling



		Does progressive disease justify drug discontinuation?



		Personalized medicine focused on addressing every lesion



		Go/No-go decisions in drug development









		Framework to incorporate lesion-to-lesion heterogeneity in QSP models to support drug development



		Summary and next steps



		Author contributions



		Conflict of interest



		References









		In vitro models to study natural killer cell dynamics in the tumor microenvironment



		1 Introduction



		2 Natural killer cells



		3 Methods of spheroid formation applied to NK cell studies



		3.1 Spinner cultures



		3.2 Liquid-overlay method



		3.3 Hanging-drop method



		3.4 Scaffold-based spheroid cultures



		3.5 Miniaturized platforms for spheroid studies









		4 Methods to study NK cell activity in tumor spheroids



		4.1 Bulk assays or methods based on radioisotope-cell labeling and luminescence



		4.2 Flow cytometry of tumor spheroids



		4.3 Measuring NK cell cytotoxicity by detecting spheroid physical changes



		4.4 Measuring NK cell cytotoxicity and infiltration by detecting spheroid histological changes



		4.5 Measuring NK cell cytotoxicity and infiltration using fluorescence microscopy









		5 Conclusions



		Author contributions



		Funding



		Conflict of interest



		Abbreviations



		References























OPS/images/fimmu.2023.1115536/im164.jpg





OPS/images/fimmu.2023.1115536/M2.jpg
G, +yR(x) - xB,()

@)





OPS/images/fimmu.2023.1115536/im163.jpg
Xy





OPS/images/fimmu.2023.1115536/M19.jpg





OPS/images/fimmu.2023.1115536/im162.jpg





OPS/images/fimmu.2023.1115536/M18.jpg
(34)






OPS/images/fimmu.2023.1115536/im161.jpg





OPS/images/fimmu.2023.1115536/M17.jpg
_ [ Xt x(t2) xtt5) - x(ty
x(ty) x(t;) x(t,) -~ x(t 3






OPS/images/fimmu.2023.1115536/M16.jpg
1X¥tiame) = Xty me)|

R = = =0

(32)





OPS/images/fimmu.2020.605231/fimmu-11-605231-g002.jpg
Unireated ADSC Unirated ADSC

\ FA L\
N Vo T
LT e
; fa— Vo o
L4 LT TNFe Gmb A LTwD TNFe b U4 LTad TN Cumb

ATA AU ATA A TRT DA AR

Tsoype — Treatod

3 Unireaed €3 114 €3 LT-0p 3 TNF-o W8 Camb,

Hﬂﬂll EI L] |

DAPI y oy VCAMT TCANET T





OPS/images/fimmu.2020.605231/fimmu-11-605231-g003.jpg
p=0.0587
Uniseated ADSC + PBMC Treated ADSC +PBVIC —

- - :
o

Unteated Treated
ICAM-L
ADSC slone Co-cultures

3 Podoplanin
ADSC alone Co-culures ADSC alone Co-culures

Isotype — Uniseated — Treated — 10°PBMC — 10° PBMC*10° MDM

s

£ 3 BHE ., Em

a0 LR B R
ol Gl *1000
ADSC__+ 0 0105 ‘»:"n Apsc__+ 0 01051 M apsc- + 0 o105 1!

Treatment 106 PBMC

sy P e g





OPS/images/fimmu.2020.605231/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2020.605231/fimmu-11-605231-g001.jpg
-

CD20/CD68

-SMA/CD68

Poodplanin/CD68

VCAM-1/CD68

-






OPS/images/fimmu.2020.605231/fimmu-11-605231-g006.jpg
2D culture

3D collagen spheroid

Setfor 30 min
i col

DAPICD3 CD20 ICAM-1

c Podoplanin 1cAML

ADSCalone  Co-cultures ADSCalone  Co-cultures

Lk A

sotype — Untreated — Treated — +10°PBMC — +10° PBMC+10° MDM

10000

_ so00

000)

2000

m« o
MDM AP

o1 o
Treammens 0% PEMC

10¢
0 o os 18
10 PRMC






OPS/images/fimmu.2020.605231/fimmu-11-605231-g007.jpg
— 1250

DAPI CD20 ICAM1 CD6S Podoplanin/CD6S VCAMA/CDGS

Podoplanin icavt
ADSCalane | Collures ADSCalone  Cocultures
\ JﬂL J\_ Jﬁ.
otpe — Uni 10 DLBCL — +10° DLBCLH10' MDM
1500- = 40000 T
T
750 @ %
s00 (%
250
o
ADSC T T wom ADSC T o vow
Trmmen 10 DLBCL Tremmen . T0°DLBCL
o
100 100 s
—
80- o
8oo o
60 —o0 60
(<]
10 ° @
°
2 2
o o
DLBCL olls ) B

ecovered: roms 3D éo-cubiireil





OPS/images/fimmu.2020.605231/fimmu-11-605231-g004.jpg
DAPI

Podoplan

Merged

veAM-1

et
ADSCalone Coulure ADSCalne Coulure ADSCaione Coulure
| \ )
Hotype — Unisied == Treated — *Bocls
. g .
2 B .
T i e
3 o -
& 2000] = 1o
= 10004 £
2 o L e
e s Bl






OPS/images/fimmu.2020.605231/fimmu-11-605231-g005.jpg
A

DAP Podoplanin

Podoplanin
ADSC alone Co-culures

AR

VCAM-1

veaM-
ADSC slone Cocultures

[Z.'AN

lsoype — Unlreated — Treated —

f

10 DLBCL —

ICAM-L

1AM
ADSC slone Co-cultures

’\’\,ﬁ\\

10°DLBCL110° MDM

1500 30000
@l % £l = ol 3
“3 % 3wl % ég 5 o] & §B
® i & oo

T o vov ApsC T 0 MM ADSC

T 10 Mom

Treament 10° DLBCL

Tresment 10" DLBCL

Treament 10" DLBCL

W _°8
w °gs

B ool

ey

DLBCL cells
kil S 20bs albied





OPS/images/fimmu.2023.1253551/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2023.1115536/im160.jpg





OPS/images/fimmu.2023.1115536/im16.jpg





OPS/images/fimmu.2023.1115536/M15.jpg
@)





OPS/images/fimmu.2023.1115536/im159.jpg





OPS/images/fimmu.2023.1115536/M14.jpg
X))  x(g) ) e Xvegmene)
At M) xlbg) o )
H=| xlhad)  slhad sl - Xy s (30)

Hhicactre) X liow-ins) Xlosiiaini) x(ty)





OPS/images/fimmu.2023.1115536/im158.jpg





OPS/images/fimmu.2023.1115536/M13.jpg
29)





OPS/images/fimmu.2023.1115536/im155.jpg





OPS/images/fimmu.2023.1115536/M12.jpg
ax =
— = Gy(x) - axy - bxy? (28)





OPS/images/fimmu.2023.1115536/im154.jpg
Xy





OPS/images/fimmu.2023.1115536/M11.jpg
» s Lo
R =55 Type )
= Type 1 @n





OPS/images/fimmu.2023.1115536/im153.jpg





OPS/images/fimmu.2023.1115536/M10.jpg
e Tpe I @Y
5

—xegeSew(E) 1 e
e R/

gz S xy(ﬁ)' Tpe w0 @
'?'7");!* 7))o





OPS/images/fimmu.2023.1115536/im152.jpg





OPS/images/fimmu.2023.1115536/M1.jpg
ax
= = Gx) ~xBLly)

)





OPS/images/fimmu.2023.1115536/im151.jpg





OPS/images/fimmu.2023.1115536/im99.jpg





OPS/images/fimmu.2023.1115536/im150.jpg





OPS/images/fimmu.2023.1115536/im98.jpg





OPS/images/fimmu.2023.1115536/im97.jpg





OPS/images/fimmu.2023.1115536/im22.jpg





OPS/images/fimmu.2023.1115536/im21.jpg





OPS/images/fimmu.2023.1115536/M43.jpg
— 00020y +0005y —0063xy" (56
P

P






OPS/images/fimmu.2023.1115536/im20.jpg





OPS/images/fimmu.2023.1115536/M42.jpg
5)





OPS/images/fimmu.2023.1115536/im2.jpg





OPS/images/fimmu.2023.1115536/M41.jpg
onzy(1- %) tomsiy-omsdy

- ; Pr——





OPS/images/fimmu.2023.1115536/im19.jpg





OPS/images/fimmu.2023.1115536/M40.jpg
ot R, .
= =

0237 (1 s,:T) (ﬁ +1) —0626xy (s1)






OPS/images/fimmu.2023.1115536/im183.jpg





OPS/images/fimmu.2023.1115536/M4.jpg
Px-fx Logistic growth  (6)
G0 = { pox+ (BB =X Weak Allee efect ()

“puxt (B4 8 - £ ° Stromg Allee effect (8





OPS/images/fimmu.2023.1115536/im182.jpg





OPS/images/fimmu.2023.1115536/M39.jpg
dy _ = — 00092
o= 0191y (1 0.544) +0.035xy — 0.009x%y (48)

Logisic Type Il Response.





OPS/images/fimmu.2023.1115536/im181.jpg





OPS/images/fimmu.2023.1115536/M38.jpg
— Joutle Binding

% = onzx(1- ﬁ) (ﬁ +1) —o.ti;«ls.wy2 (47)





OPS/images/fimmu.2023.1115536/im180.jpg





OPS/images/fimmu.2023.1115536/M37.jpg





OPS/images/fimmu.2023.1115536/im18.jpg





OPS/images/fimmu.2023.1115536/M36.jpg





OPS/images/fimmu.2023.1115536/M34.jpg
gwmzmoansﬁy 006357 (54)





OPS/images/fimmu.2022.901662/fimmu-13-901662-g010.jpg
L0 L0 1.00f L0
075 075 L0751 L0751
g £ £ £
3 3 B 3
£ & & £
£ 0.50 20,50 2 0.50{ 20,50
& & = =
0.25 Type 025 Type 0251 Type 0251 T
— 1-Years, AUC=0.72,95%CI(0.64-0.8) = 1-Years,AUC=0.74,95%CI(0.67-0.81) = 1-Years AUC=0.78,95%CI(0.72-0.84)| — 1-Years, AUC=0.71,95%CI(0.64-0.78)|
— 3-Years, AUC=0.64,95%CI(0.57-0.7) — 3-Years, AUC=0.72,95%CI(0.67-0.78) — 3Years AUC=0.71 95%CI(0.66-0.77) — 3-Years, AUC=0.68,95%CI(0.63-0.74)
0.00 — 5-Years, AUC=0.64,95%CI(0.58-0.7) [ 0.00 — 5:Years AUC=0.74 95%CI(0.68-0.79)| 0,00 — 5-Years AUC=0.69,95%CI(0.63-0.76) 0.0 — 5-Years, AUC=0.71 95%CI(0.66-0.77)
000 025 0.50 0.75 100 000 025 030 075 1.00 000 025 0.50 0.75 100 0.00 025 050 0.75 1.00
False positive fraction False positive fraction False positive fraction’ False positive fraction
1.00 Groups Lo Groups 1.00 Groups 1.00 Groups
< Hig! - Highl - High -~ Higl
d - Low - Low e Low < Low,
2 0.7 = 0.7: » 0.7
z z H
2 z 3 3
;E;. 0.50 % 050 - & 0.50 & 0.50
g ' £ ' £ £ !
s ' £ i H i £ i
5 ' ' 5 ' g I
% 023 ' @ 0.5 ' @ 02 ' @ 02 '
P <0.0001 ! P <0.0001 [ P <0.0001 d p<0.0001 1
' ' ' I
' i I '
0.00{ HR=1.66 95CI%(1.43-1194) 0.00 HR=19495CI%1.71-2.2) 0.00 HR=19 95CI%(1.63-2.22) 0.00 HR=2 95CI%(1.68-237)
Highp53 147 69 9 4 0 High{199™ 103~ 39 13 2 0 Highpel 122~ 63 20 6 0 Highp69 155~ 66 24 5 0
Low73 175 80 34 9 0 Low{327 219 110 40 1 0 Low{265 180 86 33 7 0 Low{257 167 83 29 8 0
0 25 5 75 o2 0 15 5 75 io s [ 25 H 75 012 0 15 5 75 fo 13
Time (years) Time (years) Time (years) Time ears)






OPS/images/fimmu.2023.1115536/M44.jpg
(s7)






OPS/images/fimmu.2022.901662/fimmu-13-901662-g011.jpg
Relative expression of mRNAs 3>

Relative expression of mRNAs

15

12

1.2

. HK2

= 786-O
m A498
mm Caki-1
mm ACHN

ETV4 SH2B3 FATE1 GRKS5

mem HK2 mmm 786-O wem A498 wmm Caki-1 wem ACHN

MALL HRH2 SEMA3G SLC10A6

HK2 786-O A498 Caki-1 ACHN

ETV4

SH2B3

EI

FATE1

:
EHIHHE

GRKS

MALL

SEMA3G

SLC10A6

GAPDH





OPS/images/fimmu.2022.901662/M1.jpg
RiskScore = > = K

1Expy«Coefy





OPS/images/fimmu.2022.901662/table1.jpg
Clinical Features

oS
Alive
Dead
Gender
Male
Female
T Stage
T1

T2

T3

T4

N Stage
NO

N1

NX

M Stage
MO

M1

MX
Stage

I1
1014
v

Grade
G1

G2

G3

G4
GX
Age
>60
<=60

TCGA

356
170

343
183

267
69

179
11

238
16
272

436
80
10

261
57
123
82

13
226
205

74

262
264

ICGC

61
30

52
39

45
46





OPS/images/fimmu.2022.901662/fimmu-13-901662-g006.jpg
A B category SC153C2=C3

s
Z10 575
2
] 5
53 3 51
g B yoccl o[ Z5.0
Ss L, i i g
ca v}

my .-
@‘ 3
=—— %
o o

2 B

il |

W
Pt My ¢
D E
ANOVA tests p=1.7¢-13 | (ANOVA tests p=2e-18 ANOVA tests p=4.8¢—109 GroupsC1eC2#C3
3 o ok kK o
fr. s ok
wok 2 .
1=
7 L
o 2 2
‘(’1?‘. (% ;%b Y AT
g = S, .
£ 55 5 R
<20 ‘

Cl

category

ésé

%

&ié‘qéé%é %%’“ % %%

&HM

f@o\é‘@

evyo

0.0

(éﬂgg_

Jﬂe %
o‘e E‘:
= T ¥
n!
00O
ag

b

Gene Expression

o o -

n =) n

( / —%





OPS/images/fimmu.2022.901662/fimmu-13-901662-g007.jpg
Cl NK cells resting
H C2 H NK cells activated
C3 Monocytes
B cells naive Macrophages MO
B cells memory [ Macrophages M1
1 Plasma cells 1 Macrophages M2
I T cells CD8 [ Dendritic cells resting
B T cells CD4 naive [ Dendritic cells activated

M T cells CD4 memory resting Mast cells resting
T cells CD4 memory activated [ Mast cells activated
T cells follicular helper Eosinophils

T cells regulatory (Tregs) I Neutrophils

B T cells gamma delta

0.6 g )
i §® . l G . category
g . C1
3 5 B 28
. s 5 803
. el -
12 ¥ & 32 32

Cc categoryE3C1 EIC2E3C3






OPS/images/fimmu.2022.901662/fimmu-13-901662-g008.jpg
-0.5

0.0

~1.0{

0.00

SLCT0A{

lambda=0.0316

*Inflambda)

W

3

Parial Likelihood Deviance

—4
In(lambda)

0.00

ype
— 1-Years, AUC=0.79,95%CI(0.71-0.87)
= 3-Years,AUC=0.76,95%CI(0.69-0.83)
== 5-Years, AUC=0.75,95%CI(0.68-0.83)

1.00.

Groups
= High

0.25 0.50 0.75 1.00

False positive fraction

ke L
0.75 =
2
2
60,5041ttt
K] '
: H
3025 H
p<0.0001 '
0.00{ HR=2.7 95CI%(2.17-3.36)
Highfla3— 79 38 12 7] 0
Lowl73 119 5 2% 7 0
0 25 10 125

5 7.5
“Time (ycars)

RiskScore
~

0.0.

SLCI0A6-
SH2B3.
SEMA3G
MALL
HRH2
GRKS:
FATEI

ETV4.

Samples

2seore of expresion [N






OPS/images/fimmu.2022.901662/fimmu-13-901662-g009.jpg
A D
1.0 Age>60 1.0 1.0 Male
== Hi; < High
= Tov] o
074 &
z 3
: :
Zos 205
' Z ' 2
: z , g
! %025 ! %02
p<0.0001 ! p<0.0001 L p<0.0001
| |
|
200 g <00 ; 0.0 0.0
AHigf126 61 28 10 3 0| Viigh{116 58 17 3 0 'Léﬂlgh 75—32—12—6 2 0| 2nieh{167 83 27 9 0
Prowil36 85 44 16 2 0 Zrow(l4s 99 32 10 0| Srowilo8 74 41 15 3 0| = Low{176 107 36 9 0
0 25 5. 75 10 125 0 3 6 9 2 [ 25 5 75 10 125 [] 3 6 9 2
Time (years) Time (years) Time (years) Time (years)
E F G
1.0 TI¥ 1.04 1.04
= Hif
= Jaw|
£0.73 o4
2 z
% £ %
LoV B 1y I OO T S O L.t 20.5
I
g | E g i i
70.25 ! @029 20.25 ! 4
p=0.00087 ! p<0.0001 | p<0.0001 !
| H I
I | .
0o i _, 00 0.04 ! 0.0 !
THigI21 76 41 11 2 0] & Highf121 44 11 6 0] oHish{118 65 29 9 3 0] oHieh{I8T 109 50 14 4 0
Slow2ls 147 67 24 5 0| £ Low{ 69 44 17 6 0 “ZrLow{l20 79 40 18 2 0|=Low255 176 81 32 8 0
0 25 5. 75 10 125 0 3 N3 [ 12 0 735 5. 15 10 125 0 75 575 10 125
Time (years) Time (years) Time (years) Time (years)
| J K L
1.0 Stage #1101 Stage 11T+ 1.0 GI+G.
i = High = High == Hi
== Iov = Iov == Tow|
o715 207 Zo7
3 B 3
z 2 £
E05q - Boso ---- 205
E : E : E
g : 4 ' £
70.25 ! ! 702
p=0011 ! 7023 | <o.00p1 p=0.042
: '
. '
0.0 . % 0.0 ' 00
High 53 18 ] 4 0 "ghih109 71 38 10 2 0| = Hien{130 43 14 7 0| Puis{77 41 19 4 1 0
= Low] 27 17 9 3 1] SLow200 145 66 24 S 0] Prowi7s 46 18 6 0| plowile2 112 54 17 3 0
[] 75 5 75 02 0 75 3. 75 10 125% [ 3 5 2 0 25 5., 715 125
Time (years) Time (years) Time (years) Time (years)
M N o P
1.0¢ G3+G: Kruskal-Wallis test p=1.3e—13 wilcox.tests p=0.0069 5o wilcox.tests p=7e—07
< Hi . . 299 B
== Tav|
2 25
° 5 |
_______ 2 8 2
. g 3 g
i 2 4 Z
Z ) Z
1 & &0 =
p<0.0001 ! X 0.0 1
1
< %0 s T i Group Grouj
QHigh{158 71 20 8 0 24 = NO - 0‘ Q
& Lowql2l 74 27 11 of 2 mNl 25 mMIt.E !
[ 3 6 2 N1 MO Ml
Time (years) N Stage M Stage
) R S
50 Kruskal-Wallis test p=8.5e~13 =5 Kruskal-Wallis test p=3.1e-14 wilcox.tests p=0.004
501 R - 5.0
25 2.5 |
£ P 522
3 3 g
) z E
& 3 z
0.04 0.0 0.0/
=23 2 25

Gl

Grade





OPS/images/fimmu.2022.901662/fimmu-13-901662-g004.jpg
A B C

TRMTI0C Topl0 gencontology_Biological_Process Top10 gencontology_Cellular_Component
TRMT6IB
TRMT6 adaptive immune response- o iz T cell ecepor complex L.
TRMT61A . s
YTHDFI regulation of cll-cell adhesion . MHC protein complex o o0
YTHDR2 . 350 =
YTHDF3 positive regalation of cell adhesion: . . 35 endocytic vesicle membranc] o &
YTHDCI . 30
ALKBH1 regulation of lymphocyte activation: . . 400 external side of plasma membrane: . 400
ALKBH3 o 4 L
NOP2 leukocyte migation: . membrane rafl{ o
NSUN2
NSUN3 T cell activation- . “log0(FDR) ‘membrane microdomain o 2081 (FDR)
immune response-regulating signaling pathway| o membrane region o 14
regulation of leukocyte activation: . receptor complex-fa 12
16
activation of immune response side of membranc{ o 1o
" DNMT3A 8
“ DNMT3B. regulation of cell activation- - plasma membrane protein complex
T 33 36 39 25 50 75 160 135
METTLS Enrichment Ratio Enrichment Ratio
e D Top10 gencontology_Molecular_Function E Topl0 pathway_KEGG
RBMI5B
WIAP MHC class I protein binding o ogloEDR) Allograft rejction o e
6
CBLLL MHC protein binding: . Graft-versus-host discase- . .50
peptide antigen binding . ) ‘Type I diabetes mellitus: . & 10
. 150
L scavenger receptor activity . 4 Autoimmune thyroid discase: . .
HNRNPA2BI ‘non-membrane spanning proicin
ENRNPC et i . 5 Staphylococeus aurcus infcction .
{f;‘;ﬂkc antigen binding: . Viral myocarditis . —log10(FDR)
size 12
= - - - 5 ELAVLL cytokine receptor activiy| o Hematopoieti celllincage- .
g H g H 53 . w i
£ H g g £ i glycosaminoglycan binding | o 80 Cell adhesion molccules (CAMs) - i
g o 5 3 3 2 carbohydrate binding ) o 120 Plsgsoiie] - 5
51 5 £ § g E
B] g H £ s H o 160 %
2 # M M 2 M cytokine activity- Cytokine-cytokine receptor interaction:
= 2 B § & B . | SSEE—
i e RIS EIREI
comsation l0g10p alue) Enrichment Ratio Enrichment Ratio

—-— |
028 012 0038 02 036 006253 10 16 21





OPS/images/fimmu.2022.901662/fimmu-13-901662-g005.jpg
A B consensus CDF Delta area

o
i |
ICGC Protect ICGC Risk 2 =
5
TCGA Risk =
8]
83
E
]
Y
3 o]
£
& o
g <
£
5
o
ey
2 o C—o—o_o
& Sy T T T T
2 4 6 8 10
consensus index k
C D E
consensus matrix k=3 104 Lod
e
" [ I 074 07
E - z
3| 2 2
iz ] S
B0.54 EBosq
i H ' £ :
5 | 5 |
@ 1 @ 1
0.2 ' ' 0.2: A
p=0.00022 1 ' p=0.0064 1
i | i
. ! .
0_()(1 ! ' 0.04 1
é CH296 186 85 29 9 0 Q CHas 42 34 1
8 ca'ry 40 13 7 1 0| S 18 13 1
& C3is53 96 51 17 3 0| = 32 17 16 0
] 75 0 125 ] 3

5 i
Time (years) Time (years)





OPS/images/fimmu.2023.1115536/im179.jpg





OPS/images/fimmu.2023.1115536/im178.jpg





OPS/images/fimmu.2023.1115536/M33.jpg
.150x - 0,012 ~ 0,545y

(53)





OPS/images/fimmu.2023.1115536/im177.jpg





OPS/images/fimmu.2023.1115536/M32.jpg
112y - 03587 + 0.051xy - 0009y

(50)





OPS/images/fimmu.2023.1115536/im176.jpg





OPS/images/fimmu.2023.1115536/M31.jpg
.237x + 0.04x° - 0.012¢° - 0.626xy.

(49)





OPS/images/fimmu.2023.1115536/im175.jpg
c/h





OPS/images/fimmu.2023.1115536/M30.jpg
191y - 03517 + 0.035xy - 0009y

(16)





OPS/images/fimmu.2023.1115536/im174.jpg





OPS/images/fimmu.2023.1115536/M3.jpg
px(1-)  Logisticgrowth ©
G = § pex(1-) (14 ) Weak Alee et @)

)(,%_ - x) Strong Allee efect ©)

pa(t





OPS/images/fimmu.2023.1115536/im173.jpg





OPS/images/fimmu.2023.1115536/M29.jpg
121y +0.061¢" ~0.018° - 0.593x)"

(3)





OPS/images/fimmu.2023.1115536/im172.jpg





OPS/images/fimmu.2023.1115536/M28.jpg





OPS/images/fimmu.2023.1115536/im171.jpg





OPS/images/fimmu.2023.1115536/M27.jpg





OPS/images/fimmu.2023.1115536/im170.jpg





OPS/images/fimmu.2023.1115536/M26.jpg





OPS/images/back-cover.jpg
Frontiers in
Immunology

Explores novel approaches and diagnoses to treat
immune disorders.

The official journal of the International Union of
Immunological Societies (IUIS) and the most cited
inits field, leading the way for research across.
basic, translational and clinical immunology.

Discover the latest
Research Topics

Immunology






OPS/images/fimmu.2023.1115536/M25.jpg
+ &2y + 863X +Exy + &5y + &g X + &3y + Ergxy +.






OPS/images/fimmu.2023.1172262/fimmu-14-1172262-g002.jpg
NanoShuttle 3D hFOB

/ 24h

hFOB Cell Culture hFOB +
70-80% Confluence Magnetic Nanoparticles

- - - 000 00 400 400000 M0tk 0t 00 b0 00

1Sk 18061um






OPS/images/fimmu.2023.1172262/fimmu-14-1172262-g003.jpg
LiF/HCI MXene

etching incorparation
- -
-~
_‘;;} L = —> =2
-
A -y -
TisAlC2 powder TisC2Tx solution TisC2Tx - hydrogel
100
(o} Cells (Atohl) 3D culture Cochlea-Orgs 3D culture ~ Cochlea-Orgs(Atohl) & R
Sensory epithelium = +.". o . 2 1
3 ] % wl O
7 2
n = é Cochlea-Orgs +O 40+
* T (@) ———— o —
= —— O N
. e 0 o 2
0 T T
F— Cochlea dissection ——  Seeding ————— Expansion ——— Differentiation ——— MXene Matrigel
-Matrigel
D ) E
Atoh1-GFP BF Merge Atoh1-GFP Phalloidin DAPI Merge

MXene-Matrigel
MXene-Matrigel

Matrigel
Matrigel






OPS/images/fimmu.2023.1172262/fimmu-14-1172262-g004.jpg
.-- »

‘-\ — / — A e — PyA
PEI Ab BSA RBHA * < &
'... \
g4
UCNPs UCNPs-PEI UCNPs-Ab UCNPs-Ab-BSA UCNPs-Ab-RBHA
(UCAR)
D +70imv PPD/GlutOx

—

AN

HOIE| O
X

a-ketoglutarat@® ¥ Glutamate

+NH,
(&7 -

541 nm DAPI Merge E

3

o

Ductal 5|

Organoid b

]
8 100um * ygiut

3

2

8

Hep 2
Organoid 2 100um GADE7






OPS/images/fimmu.2023.1175503/fimmu-14-1175503-g002.jpg
Spheroid
2

Tumor microenvironment

Exploration of tumor-stroma
dynamics

Assessment of
therapeutic responses

Organoid

Biomarker identification

(B) Spheroid

(+) in-vivo like internal structure (-) poor reproducibility and standardization
(+) cell-to-cell and cell-to-ECM interaction (-) low TME mimicry

(+) tumor growth kinetics (-) lack of mechanical forces

(+) in-vivo like mechanisms of drug resistance (-) limitations in high-resolution imaging

Organoid

poor reproducibility and standardization

(+) in-vivo like 3D architecture )
-) high time- and resource-consuming
)
)

(+) TME mimicry (ALI organoids)
(+) genetic and phenotypic tumor heterogeneity
(+) suitable for high-throughput applications

lack of vascularization
limitations in high-content analyses

Tumor-on-a-Chip
(+) in-vivo relevant physiological microenvironment (-) high expertise barrier

(+) vasculature-like perfusion (-) high time- and resource-consuming
(+) precise control of chemical gradient flows (-) short-term culture

(+) mechanical forces (-) limitations in high-throughput analyses
(+) fully personalized system (-) patient availability

@ Cancer cell O Bcell (@ LI MDSC o Neutrophil g CAF % ECM
%Tcells < Cytokines . Treg cell 0 Macrophage &DC m Mesenchymal cell /\ Blood vessel






OPS/images/fimmu.2023.1175503/table1.jpg
Tumor-ol hip models  Cell types Applications ugs References (PMID;

Lung Cancer A549, H1975, H560, LCA-  drug response and resistance, Gefitinib, Afatinib, Osimertinib, 36005014, 29029734,
1, NCI-H1650, H2052 evaluation of photodynamic Erlotinib, Cisplatin 29020635, 26088102,
spheroids, BE063-T, therapy, tumor-stroma 29686328, 27606718
BE069-T spheroids crosstalks, tumor-bacteria
crosstalks, tumor migration and
metastasis
Breast Cancer ductal carcinoma in situ tumor invasiveness and Doxorubicin, Tirapazamine, Paclitaxel, = 27549930,30482722,
cells, MCF10A, HMT- metastasis, angiogenesis, cell Taxol 30723584, 30393802,
3522, BC tumor cytotoxicity, drug sensitivity, 27678304, 33094918,
organoids, MDA-MB-231,  metabolic adaptation 36278146
SUM-159, SK-BR-3
spheroids
Prostate Cancer DU145, LNCaP, C4-2, TME mimicking, immunological Docetaxel, Paclitaxel 30810874, 28371753,
PC3, BCaP studies, drug testing 33034643, 31427781
Colorectal Cancer CRC-268, Caco-2, angiogenesis, tumor-stroma Bevacizumab, FOLFOX, Oxaliplatin, 30393802, 27549930,
HCT116, SW620, SW480,  crosstalks, immunological Pazopanib, Vincristine, CMCht/ 31131324, 28544639,
HT-29, MC38 spheroids, studies, drug sensitivity, PAMAM dendrimer nanoparticles 27796335, 27391808,
CT26 spheroids, colon nanomedicine, pharmacokinetic, loaded with gemcitabine, Doxorubicin, | 28439087, 20126684,
organoids pharmacodynamic, tumor Pembrolizumab, Ipilimumab, 5- 29101162, 34113836
metastasis fluorouracil
Pancreatic Cancer PAC, PANC-1, PDACI162, immunological studies, TME Gemcitabine, All-trans retinoic acid, 32930334, 31489365,
PDAC175, PD7591, mimicking, EMT investigation, Clodrosome, Paclitaxel 31546820, 31997571,
MH6883, PD883, drug resistance, tumor-stroma 35450328, 29329547
MH6556, S2-028, KPC2, crosstalks, tumor invasiveness

eKIC, mKIC, PDOs

Melanoma MNT-1, WM-115, LOX- angiogenesis, tumor-stroma Vemurafenib 33533390, 26542093,
IMVI, A-375, SK-Mel-28 crosstalks, tumor migration, drug 36671624
spheroids resistance, immunological studies
Ovarian Cancer SK-OV-3, OV90, angiogenesis, tumor-stroma Cisplatin, Revacept 28544639, 34290095,
OVCAR-3,A2780 crosstalks, TME mimicking, 32851999, 33524968,
immunological studies, tumor 35995621

invasiveness, tumor-platelet
crosstalks, tumor metastasis

Brain Cancer U-251 MG, primary GBM  TME mimicking, drug screening, = Temozolomide, Tirapazime, Cisplatin, 31148598, 27151082,
cell culture, U87 tumor cell heterogeneity, tumor Irinotecan, Isotretinoid 27796335, 31016107,
spheroids, GS5, SKNBE, metastasis 29158813, 31034948
PC9-BrM3

‘TME, tumor microenvironment; EMT, epithelial-to-mesenchymal transition; PDO, patient-derived organoid; GBM, glioblastoma.
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ECsp values in pM were calculated with GraphPad Prism™ Software using non-linear regression log (agonist) vs. response variable siope with a robust fit.
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Model -E:T Cancer growth Cancer carrying Cancer killing CAR T response
rate p (hrs) capacity Ky (CI) a(c” hrs") a (CI" hrs™)
CARRGO -1:4 136 1380 1400 0471 ‘ 3.70 0555 00318
SINDy -1:4 230 1660 1700 0.116 ‘ 4.78 L 00327
CARRGO -1:8 0919 -396 -18.3 0361 ‘ 6.82 1.26 0015
SINDy -1:8 0.401 -474 -440 0.190 ‘ 7.06 0588 00436
CARRGO -1:20 314 609 631 0.206 ‘ 7.69 1.81 0.0195
SINDy -1:20 3.55 674 700 0.123 ‘ 111 0540 0.0024

Fitting statistics considered are the reduced chi-squared, 72, the Akaike information criteria (AIC) and Bayesian information criteria (BIC). Of note are the scores indicating a better fit for the
CARRGO model at ET = 1:4 and 1:20, despite differences in the endpoint CAR T-cell population predictions in Figure 5. Furthermore, we observe generally favorable agreement between
parameter estimates, suggesting the data first approach of SINDy as a viable alternative to traditional model first parameter inference methods.

! ~ indicates term not discovered.
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Limitations

Possible future
improvements

References

Organoid culture techniques

Submerged Matrigel culture

Tissues are dissociated mechanically or/and enzymatically

Matrigel
Dish or plate

Cells culture underneath medium in mixture with 3D Matrigel

Cancer cells exclusively

PBMCs, DCs and other immune cells can be added to the culture

Organoid expansion is convenient

Stromal components and immune cells are usually not preserved in
tissue processing stage, determining the growth factors and/or
inhibitors required to maintain all subclones is the laborious and
time-consuming process; does not reflect the native tumor-
infiltrating immune cells, lack of immune components hinders
immunotherapy assessment; allogeneic cultures will result in high
background kiling compared with autologous systems

Air-liquid interface culture

Tissue is minced into small fragments

Collagen

Inner dish, Outer dish (Transwell plates

with permeable membrane inserts)
Mixture of tissue fragments and

collagen plated on the inner dish with a

bottom collagen layer; medium is
added into an outer dish that can
diffuse into the inner trans-well dish

through a permeable membrane; top of

collagen layer is exposed to air

Cancer cells, tumor-infiltrating myeloid

and lymphoid cells, native immune
cells, and stromal cells

Immune cells of tumor tissue are
faithfully preserved

Cellular complexity and architecture of
the tumor tissue are maintained as an

intact en bloc unit without
reconstitution

Determining the growth factors and/or

inhibitors required to maintain all

subclones is the laborious and time-

consuming process; necrosis and
hypoxic cores of organoids; the

immune components decline over time
and do not persist beyond ~2 months

Microfluidic 3D culture

Tissues are dissociated
mechanically or/and
enzymatically; by filtering 40-100
um-sized tumor fragments are
collected and pelleted in ultra-
low-attachment plates

Collagen

Microfluidic device

Spheroid-collagen mixture is
inoculated into central gel region
of the device; medium is added
into media channels on both
sides

Cancer cells, tumor-infiltrating
myeloid and lymphoid cells, native
immune cells, and stromal cells

Immune cells can be added in the
medium; immune cells of tumor
tissue are faithfully preserved
Cellular diversity and architecture
of the tumor tissue are
maintained; small amount of
medium/reagents and small
number of cells are required; it
can be automated; mimicking
physiological shear flow
Determining the growth factors
and/or inhibitors required to
maintain all subclones is the
laborious and time-consuming
process; size limitation; requires
specialized equipment; the
immune components decline over
time

Culture duration can be extended; establishing organoid biobanks for model standardization across laboratories; incorporating multiple organoid
types into single microchips; using synthetic scaffolds with precise ECM composition that is essential for reproducible research; increase immune
cellular complexity by both incorporated into, and preserved in; to overcome to the formation of a necrotic core, and better recapitulation of native

TME organoid vascularization and perfusion are needed
(33-41)

(42, 43)

(44-47)
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Applications

Generation of tumor-reactive cells
for adoptive cell transfr therapy

Evaluation of ICB response and
assessment of combination
therapy

Assessment of infectivity,
oncoselectivity, and patient-
dependent sensitivity of oncolytic
virus

Study the specificity and efficacy
of antibody-based immunotherapy
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