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Editorial on the Research Topic 


Patient-derived tumor models for drug development


The need for pre-clinical models to better predict the individual clinical outcome has driven the development of improved patient-derived models. Among variety of cancer models, patient derived xenografts (PDXs) and patient-derived organoids (PDOs) have shown promise to advance the field towards realizing the goals of precision cancer medicine (1–4). However, despite tremendous progress in preclinical models and technological advancement in drug screening, tumor models are not yet perfect. Ongoing studies continue to improve these models especially to address the need to - 1) reflect the intra- and inter-tumoral heterogeneity, which include but not limited to key molecular determinants of prognosis and therapeutic response (5); 2) unmask the effects of the tumor microenvironment (TME) which supports tumor progression and recurrence (6), and 3) allow testing of broader panels of novel drugs and targeted combinations, along with limiting exposure to unforeseen toxicity. These recent advances in tumor models have increasingly been incorporating components of the human immune system and have shown great potential for guiding personalized cancer therapies.

Through the collection of several insightful reviews, perspectives, and original research articles, this Research Topic aims to highlight recent progress and facilitate scintillating discussion to advance the preclinical research aligned with the goals of precision cancer medicine. We summarize here some of the key aspects covered in the various contributions, offering the readers a comprehensive understanding of this impactful area of research.

Cancer cell line models, for decades, have been extensively used in studies to gain valuable insights into tumor progression and drug responses. However, due to clonal selection and repeated passages under serum-containing medium for years, cell lines tend to have genetic drift from the original tumors (7). Nevertheless, cancer cell lines remain a primary resource to study molecular mechanisms and drug responses. Therefore, establishing cancer cell lines, especially for the rare tumor entities with limited tissue availability, is highly important. Andus et al., report the establishment and characterization of three patient derived cell lines (PDCs) for non-small cell lung cancer (NSCLC) subtypes: adeno-, squamous cell, and pleomorphic carcinoma. PDCs of pleomorphic cell type carcinoma, for which the biological and drug response information are scarce, represent new preclinical models. Similarly, Driesch et al., report the establishment of a PDC as well as the first in-depth characterization of Medullary pancreatic carcinoma, a rare subtype of pancreatic ductal adenocarcinoma. These PDC models, with the detailed characterization of their molecular and morphological features and drug-sensitivity profile, represent valuable pre-clinical tools for advancement of precision cancer therapy.

Models of prostate cancer (PCa) are also scarce, with nearly a dozen established cell lines and fewer organoid models (8), yet personalized approaches for PCa therapy have been promising (9). Developing additional models to represent heterogeneity of PCa, that include adenocarcinoma and neuroendocrine phenotypes, are necessary. Beraud et al., report the development and characterization of five PDX models and their utility in evaluating therapeutic modalities such as androgen deprivation, PARP inhibitors and chemotherapy. These prostate cancer PDXs included hormone naïve, castrate resistant and neuroendocrine subtypes, and revealed a favorable response to PARP inhibitors in a BRCA2 mutant neuroendocrine model. Similarly, Yu et al. report the generation of a large panel of 171 PDX models, including 85 colorectal cancer (CRC), 21 esophageal, and 65 gastric cancer PDX models. The authors correlated the clinicopathological and molecular features of tumors with PDX take rates and demonstrated that tumor biomarkers and proliferation index could be validated in PDXs. Interestingly, cetuximab had a significantly lower overall tumor response rate in patients with RAS mutation. Screening of drug sensitivity in PDX models led the authors to identify two patients with K-Ras mutant tumors that responded to cetuximab, demonstrating the use of PDX models in patient case reports of CRC therapy. Two different incisive reviews by Liu et al. and Aaltonen et al., describe recent advances and knowledge gaps in lung cancer and neuroblastoma research, respectively, where patient derived models have been extensively used in co-clinical avatar studies for precision medicine.

Beyond the evaluation of drug distribution and therapeutic responses in live animals, PDX models can serve in multiple ways. For example, readily available PDX samples can be leveraged to identify novel targets and biomarkers through exploratory studies, which otherwise may not be feasible due to paucity of patient tissue. Ferrarini et al., performed a proof-of-concept study using lung adenocarcinoma PDXs and demonstrated plurimetabolic state in 9 of 14 PDXs analyzed. Expanding on the utility of PDXs in Neurooncology, Alcaniz et al., established and characterized 23 IDH-wt glioblastoma (GBM) PDXs, initially as heterotopic GBM PDXs, then propagated as brain orthotopic models, to assess drug resistance, and the impact of TME and blood brain barrier (BBB), which are key limitations to therapeutic response in orthotopic GBM models (10). Deng et al., demonstrated the efficacy of small molecule inhibitor of Sonic hedgehog (Shh) signaling in limiting cholesterol metabolism which supports medulloblastoma growth. Despite the extensive utility of PDXs propagated in immune compromised animals and ex vivo in tissue culture, PDX models have limited applicability specially to study TME or tumor immune response. Furthermore, tumor take rates are variable, consequently only a fraction of any given tumor type can be timely established as PDXs for co-clinical avatar studies. Slower growth rate and clonal selection in the mouse background can also cause unpredictability, these challenges have been overlooked with their growing list of advantages in oncology.

Patient-derived tumor organoids (PDOs) are cultures of cells resected tumors from an individual patient. PDOs can serve as models to understand patient-specific drug responses and to investigate cancer cell growth, and molecular analysis. The overall importance of PDOs has been nicely highlighted by a review article (Verduin et al.) and a perspective article (Wang et al.). The review collected data obtained from 60 published data spanning different tumor types. The authors concluded that PDOs have indeed the potential to predict response to treatment and have high translatability to the clinics. They highlighted the possibility to use PDOs in high-throughput studies to define targets, examine treatment response and further personalize these treatments. The authors especially highlight the discordance between in vitro vs. in vivo drug efficacy, that could be due to dose limiting toxicity in normal tissues. Therefore, evaluating drug sensitivity using normal tissue organoids in parallel with that in cancer organoids is a valuable addition to the organoid based co-clinical avatars in precision cancer medicine. Wang et al. specifically touched on the potential of PDOs as models in cancer immunotherapy. The use of complex organoids with enhanced heterogeneity of cell populations is an approach we must encourage to have the potential of studying the interaction between cancer cells and stroma, especially immune cells, at the basic and translational levels. Since PDOs lack vasculature, nervous system and drug metabolic pathways, this platform cannot be used for testing all drugs. Considering these limitations, Tan et al., adapted a strategy to use PDOs with available PDXs, established for the advanced gallbladder cancer, for initial rapid drug screening and in vivo drug efficacy validation, respectively, and allude to making these two models complementary. This approach can guide the individualized treatment strategies for cancer patients, when PDXs could be established in timely fashion.

Cancer immunotherapy has revolutionized the field of oncology by prolonging survival and quality of life for cancer patients. However, a comprehensive in vivo evaluation of immunotherapies is not possible in PDX models raised in immune compromised animals. Humanized mouse models, i.e., severely immune deficient strain engrafted with a human immune system, represent the most relevant platform to test and validate cancer immunotherapy approaches. Here, two original manuscripts describe the results from in vivo evaluation of immune checkpoint inhibitors (ICIs) using humanized mouse models. First, Tan et al, report that gallbladder tumor PDXs in humanized mice, generated with human peripheral blood mononuclear cells and treated with nivolumab, show immune cell death in tumors and that PD-L1 expression is not a direct indicator of the tumor suppressive activity of ICI, a finding that reflects the consensus on the unreliability of PD-L1 expression as a biomarker and the need for better biomarkers for response to ICI-based immunotherapy. Second, Marie et al., report the improvement of the traditional CRC PDX models by developing novel humanized CRC PDX models utilizing autologous (from same CRC patient) or allogeneic (from healthy donor) PBMCs. Marie et al., elegantly demonstrated that while immune (HLA)-mismatched allogeneic models developed graft-vs-tumor effects limiting their utility, autologous humanized mice were proven useful, when used within a window-of-treatment, in detecting T-cell responses, myeloid cell infiltration and predicting responses to ICIs and potential combination therapies. The authors also demonstrate that modulation of immuno-suppressive cells, such as regulatory T cells within the TME can augment the efficacy of ICI agents in CRC. The use of newly available mouse strains with expression of human cytokines or those lacking mouse major histocompatibility proteins could potentially improve the support of engrafted immune cells and the therapeutic window in humanized animals.

Overall, the collection of articles in this Research Topic provides important additions to the arena of clinically relevant patient derived models to be utilized for drug testing and offers a roadmap to build on to achieve the goals of precision cancer medicine.
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Patient-derived cancer organoids have taken a prominent role in pre-clinical and translational research and have been generated for most common solid tumors. Cancer organoids have been shown to retain key genetic and phenotypic characteristics of their tissue of origin, tumor subtype and maintain intratumoral heterogeneity and therefore have the potential to be used as predictors for individualized treatment response. In this review, we highlight studies that have used cancer organoids to compare the efficacy of standard-of-care and targeted combination treatments with clinical patient response. Furthermore, we review studies using cancer organoids to identify new anti-cancer treatments using drug screening. Finally, we discuss the current limitations and improvements needed to understand the full potential of cancer organoids as avatars for clinical management of cancer therapy.
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Introduction

Cancer remains one of the leading causes of death in the 21st century. Despite enormous progress in the identification of mechanisms of tumor progression and treatment resistance and the development of new tumor targeted treatments many patients do not get cured. The main challenge remains to achieve accurate patient selection. Tumor biopsies used for clinical diagnostics do not capture the extensive intratumoral heterogeneity that masks emergent tumor clones with intrinsic or acquired resistance. This can result in patients receiving suboptimal treatment, or overtreatment leading to long-lasting harmful side-effects. The development of specific biomarkers and predictive model systems are therefore essential to personalized treatment leading to more durable responses with fewer side effects.

In the last decade, translational cancer research has witnessed a revolution with the development of methods that enable the reproducible derivation, maintenance and biobanking of primary human normal and cancer tissues. These primary cell cultures, called organoids, are three dimensional stem-cell derived cultures that support the propagation of phenotypic, genetic and transcriptomic characteristics from the original tissue and retain the self-renewal properties of stem cells and their ability to undergo multilineage differentiation indefinitely. This revolution took off after the development of ‘mini-guts’ from Lgr5+ intestinal stem cells which replicate the dynamic proliferation and differentiation of the intestinal crypt epithelium in culture (1) and thereafter from colorectal cancer biopsies to derive colorectal cancer (CRC) organoids (2). Importantly cancer organoids have been shown to retain intratumoral heterogeneity and tumor clonal hierarchy; a major limiting factor in treatment effectiveness and recurrence (3). Excellent comprehensive reviews on the derivation and characterization of organoid systems can be found here and will not be further elaborated on in this review (4). To date cancer organoids have been developed from many cancer types and have been shown to maintain a stable genetic and phenotypic representation of the original tumor in culture compared to classic 2D monolayer cell cultures. Like patient-derived xenograft (PDX), cancer organoids also have maintained intratumor heterogeneity but are less expensive and labor-intensive and reduce laboratory animal usage. On the other hand, PDX models include the tumor micro-environment and in vivo drug metabolism which are currently not accounted for in cancer organoids (5).

Whether cancer organoids can also function as avatars for prospective target identification and treatment selection at the patient level is not yet known. If so, cancer organoids could have a profound impact on individualized cancer treatment. In this review, we describe studies that have addressed whether cancer organoids are predictors for clinical response.



Materials and Methods

A literature search was conducted using publicly available databases (PubMed, MEDLINE, and Web of Science) up to October 2020. For the purpose of this review, cancer organoids were defined as stem-cell derived three-dimensional cell culture models derived from primary patient-derived solid tumors using a basement membrane extract (BME). Articles describing patient-derived-xenograft (PDX)-derived cancer organoids, iPSC based models or three-dimensional cell culture systems lacking a BME (i.e. slice cultures or tumor-on-a-chip approaches) were excluded. Search keywords included [ORGANOID] or [TUMOROID] and, [CANCER] and [TREATMENT]. Only articles in which cancer organoids were subjected to treatment and correlated to patient outcome or potential biomarkers were included. Establishment, characterization and comparison of cancer organoids towards the parental tumor have already been previously described and fall outside the scope of this review (6, 7).



Results

A total of 60 studies were included in this review. For almost all papers the cancer organoids used were (previously) compared on a genetic and phenotypic level to the parental tumor in order to validate the model. Study characteristics are summarized in Table 1.


Table 1 | Summary of study characteristics and main results.








Gastro-intestinal (GI) Cancer

In 2015 the first colorectal cancer (CRC) organoid biobank was established and used for drug screening. Based on these drug screens, gene-drug interactions could be studied to identify potential biomarkers and study the molecular basis for drug response to both new therapeutic agents as well as current standard-of-care chemotherapeutics (2).

Esophageal adenocarcinoma organoids were subjected to standard-of-care chemotherapy (5-FU, epirubicin and cisplatin). All but one of the patients used for organoid derivation showed poor clinical response to chemotherapy which was recapitulated in the corresponding cancer organoids, though organoids from the patient that showed clinical response were not available for drug testing (13). This overlap between organoid and tumor response for four patients towards chemotherapeutics (cisplatin, paclitaxel, 5-FU, epirubicin and irinotecan) was also observed in another study (28).

A similar approach was taken using gastric cancer organoids. In one study, gastric cancer organoids derived from one patient at pre-treatment were sensitive to standard-of-care chemotherapy (5-fluorouracil (5-FU), cisplatin, oxaliplatin and irinotecan) which reflected the complete pathologic response in the patient after chemoradiation, albeit the contribution of radiotherapy to the clinical response was not investigated (12). In another study conflicting results for combined treatment with 5-FU, oxaliplatin and epirubicin were obtained. From the seven gastric cancer patients included in the study, correlation of treatment sensitivity (5-FU, oxaliplatin and epirubicin combination treatment) with clinical response could only be made for two patients. Only for one of these patients the organoid response matched the clinical response (21).

Ascites-derived gastric cancer organoids showed a heterogeneous response towards standard-of-care chemotherapeutics (oxaliplatin, 5-FU, cisplatin, docetaxel, irinotecan, epirubicin and paclitaxel) between patients, similar to the mixed clinical responses seen in patients with peritoneal metastases, though no direct clinical comparison could be made (16).

CRC organoids were used to identify patients that benefit from the PARP inhibitor olaparib and cross sensitivity to oxaliplatin, which causes PARP-dependent DNA damage repair. In two patients that responded to oxaliplatin the organoids were sensitive to both olaparib and oxaliplatin. In another patient that responded, the organoids showed resistance to both treatments. Notably the organoids from this patient were highly responsive towards panitumumab which was also part of the clinical treatment and might have been a main factor in the clinical response and explain the discrepancy between organoid and clinical response (29).

The TUMOROID study used organoids derived from metastatic CRC and correlated the organoid treatment response towards the corresponding clinical response. Organoids were able to predict the response to irinotecan-based therapies in more than 80% of patients without misclassifying patients who responded to the treatment. This predictive value was not identified for 5-FU and oxaliplatin combined treatment. A possible explanation for this could be that the tumor micro-environment (stromal and immune cells), not present in organoids, might influence the efficacy of one treatment more than the other (23). In another study, organoids from one metastatic CRC patient showed an intermediate response towards 5-FU and oxaliplatin combination treatment which mimicked the clinical response observed after re-treatment with FOLFOX (20).

Treatment sensitivity analysis on peritoneal CRC metastasis organoids could not separate patients with clinical partial response from those with progressive disease after FOLFOX. However, most of the patients in this study received pre-operative chemotherapy which may have led to selection of chemo-resistant subclones. Two patients did not receive oxaliplatin-based therapies and showed the highest sensitivity towards the treatment in vitro. Furthermore, two treatment-refractory patients were treated with a drug that was selected based on the drug sensitivity observed in their corresponding organoids. One patient received vandetanib (pan-tyrosine-kinase inhibitor) which strongly reduced organoid viability, however no clinical response was observed. For another patient, gemcitabine showed an initial partial clinical response but after two additional months of treatment, disease progression was again observed (26). Peritoneal CRC-metastases organoids were also treated for efficacy towards mitomycin C and oxaliplatin (commonly used in HIPEC; intra-peritoneal chemotherapy treatment) and showed a general resistance, corresponding with the high recurrence rates observed in clinic (19).

Organoids from metastatic GI cancers also predicted sensitivity towards cetuximab (anti-EGFR monoclonal antibody), and reflected clinical resistance in a patient who, based on molecular markers (EGFR amplification and KRAS wild-type), was expected to respond to the treatment (11).

Rectal cancer organoids were exposed to standard-of-care chemotherapy (5-FU alone or FOLFOX (5-FU with leucovortin and oxaliplatin)) or radiotherapy (single dose, 0-8Gy). A high correlation (r=0.86) for 5-FU or FOLFOX was observed when compared to the progression-free survival (PFS) of the corresponding seven patients. For radiotherapy, organoids that showed resistance to radiotherapy were derived from previously irradiated tumors or from tumors that showed no to minimal clinical response. On the other hand, more radiosensitive organoids were derived from patients who had a minimal 50% reduction in tumor circumference endoscopically or a near-complete or a clinical complete response following radiotherapy (22). Additionally organoids (N=80) treated with neoadjuvant chemoradiation (5-FU and irinotecan) also reported promising predictive value for clinical response to neoadjuvant chemoradiation (sensitivity 78.01%, specificity 91.97%) (25).

As a proof-of-concept, the influence of KRAS mutation-mediated resistance to EGFR-targeted therapy using cetuximab was tested in rectal cancer organoids. In accordance with clinical trial data, KRAS-mutated organoids showed more resistance towards cetuximab compared to the KRAS wild-type organoids (22). These findings were also confirmed in an independent rectal cancer organoid biobank (66) and for combined EGFR and MEK inhibition in CRC organoids (9).

Multiple studies have used organoids to screen for efficacious targeted agents based on genomic targetable variants present in the organoids. This approach was taken using gastric cancer organoid biobanks, CRC cancer organoids and in esophageal cancer organoids in which drug screening approaches identified patient subsets with potential vulnerability to new targeted agents (8, 13, 14, 17, 18, 24, 67).

Finally, organoids were used to improve current treatments. CRC organoids showed an enhanced response to radiotherapy when organoids were simultaneously exposed to radiosensitizer APG-880 (27). Peritoneal CRC-metastases organoids were used to optimize HIPEC treatment. Because mitomycin C (used in HIPEC) mainly induces interstrand crosslinks which activates ATR, the addition of ATR inhibitors to mitomycin C improved treatment efficacy on cancer organoids, identifying a potential new clinical strategy (19).



Hepatobiliary Tract and Pancreatic Cancer

Pancreatic cancer is one of the most lethal malignancies as it is often diagnosed in an advanced stage, has a high recurrence rate and only a minor survival benefit can be achieved with systemic therapy. This resistance to gemcitabine was also observed in pancreatic cancer organoids, though no clinical correlation could be made (30).

An organoid-derived pharmaco-transcriptomic signature was developed to predict drug sensitivity to gemcitabine monotherapy but it did not predict response in patients receiving a combination treatment with other chemotherapeutics (33). Similar correlation between clinical response and gemcitabine sensitivity in pancreatic cancer organoids were found by others as well (37). Another study also showed the feasibility of pharmacotyping pancreatic cancer organoids in a timely manner to guide postoperative chemotherapeutic selection (41).

Pancreatic cancer organoid cultures derived from multiple different metastatic sites from the same patient showed a differential sensitivity towards 5-FU, but not towards the other chemotherapeutics tested. This suggests the existence of cancer subclones that differ between metastatic sites which are maintained in their respective cancer organoids (33).

Optical metabolic imaging (OMI) was used to assess treatment response in pancreatic cancer organoids and classify patients. OMI is a high-resolution fluorescence microscopy technique that quantifies the metabolic state of individual cells. This technique measures drug response in heterogeneous 3D populations faster than more traditional methods, as changes in cell metabolism precede changes in cell viability (40). Using OMI on cancer organoids, three patients were classified as predicted non-responders and all showed tumor recurrence within one year whereas four patients that were classified as predicted responders all remained free of tumor recurrence for more than one year (40).

Novel approaches for pancreatic cancer organoids include the co-culture with cancer-associated fibroblasts (CAFs) and using matched pancreatic ductal organoids. CAFs were shown to increase treatment resistance which shows the importance of tumor micro-environmental aspects on treatment efficacy (68). Using matched pancreatic ductal organoids and pancreatic cancer organoids the lack of therapeutic response of dual MEK-AKT inhibition observed in a clinical phase II trial (69) was investigated. These findings recapitulated in human and murine organoids a tumor cell specific negative feedback loop causing upregulation of ERBB2, which was not observed in normal pancreatic ductal organoids. This provides a rationale for combining dual MEK-AKT inhibition with ERBB2 blockade with a high therapeutic ratio (38).

Liver cancer organoids can be derived from liver cancer subtypes (hepatocellular carcinoma (HCC) cholangiocarcinoma (CC) or mixed type (HCC/CC)). Overall differential sensitivity was found between organoids from different patients to chemotherapies (gemcitabine) and targeted therapies (taselisib, AZD8931, SCH772984 and dasatanib or sorafenib) (31, 32), though no clinical correlations could be made.

Liver cancer organoids (n=7) were also subjected to targeted therapies (KRAS, MET and KIT targeting). Sensitivity to these treatments however did not fully correlate with the presence of these driver mutations (39). In a more comprehensive study, liver cancer organoids from different tumor regions from the same patient were developed (n=5, 27 organoid lines) and tested for their sensitivity to conventional therapies and drug screening. Most interestingly, pan-effective drugs were identified that could uniformly kill many organoid lines whereas other drugs were only moderately sensitive in a few organoids from the same patient. This study highlights the intratumoral heterogeneity and differential sensitivity towards treatment within one patient and that a single patient organoid may not be sufficient to predict treatment outcome (34).

Cancer organoids were also derived from pediatric hepatoblastoma. For one patient drug testing was performed on the matched normal liver and tumor organoids. This screen identified one drug (JQ1) to have an increased efficacy on tumor organoids compared to normal organoids whereas standard-of-care cisplatin had not differential effect (42). Matched normal liver tissue organoids were also developed by others, providing opportunities to test normal tissue toxicity (32).



Urogenital and Gynecological Cancer

Bladder cancer organoids were tested for sensitivity to chemotherapeutics (epirubicin, mitomycin C, gemcitabine, vincristine, doxorubicin or cisplatin), though no correlations could be made with patient response (49). Another study took a drug screening approach using bladder cancer organoids and observed strong, but variable responses. For example, in some organoids from patients with FGFR3 activating mutations, MEK/ERK inhibition was effective but not in all. Correlations were seen between more aggressive clinical phenotypes (metastasis and recurrence) and treatment resistance to a wide range of drugs in organoids (45).

A biobank (>50 organoid lines) of pediatric kidney cancer organoids was used to test treatment sensitivity towards standard-of-care chemotherapy (neoadjuvant actinomycin D (ACT-D) and vincristine; adjuvant doxorubicin and/or etoposide) on a specific subset of pediatric kidney cancers (Wilms tumor). Organoids derived from patients that received neoadjuvant chemotherapy were less sensitive to vincristine than those from patients not receiving prior chemotherapy. This suggests that resistance already develops in vivo and is maintained in cancer organoids. Furthermore, high-throughput drug screens in Wilms tumor organoids identified MEK and HDAC inhibitors as novel candidate interventions. Importantly, matched normal kidney organoids used in this study as well were equally sensitivity to romidepsin (HDAC inhibitor) and MEK inhibition compared to the tumor organoids. For pabinostat (pan-HDAC inhibitor) a significant increased sensitivity was observed in the tumor organoids compared to the normal kidney organoids making this the most interesting for clinical use. Using this approach, this study sets an example of using matched healthy and tumor organoids to identify treatments with the best therapeutic ratio, considering both tumor efficacy and normal tissue toxicity (50).

Prostate cancer organoids were developed from neuro-endocrine prostate cancer (NEPC) and used for screening of cytotoxic drugs and identified alisertib (aurora A-kinase inhibitor). Organoids from two patients enrolled in a phase 2 clinical trial of alisertib mimicked the clinical response of the patients (one responder, one non-responder), supporting the potential clinical relevance of NEPC organoids as a predictive platform (46, 70).

Castrate-resistant prostate cancer (CRPC)-derived organoid lines (n=7) could successfully be established from biopsies and circulating tumor cells from all subtypes. A very limited drug study showed a response towards androgen suppression therapy (enzalutamide) in an organoid with androgen receptor amplification. This organoid line also showed a response to everolimus (mTOR inhibitor) and buparlisib (PI3K inhibitor) correlating with mutations in PTEN and PIK3R1 (43).

Endometrial cancer organoids (EC-O) representing early hyperplastic endometrium (n=13) and different stages and grades were derived (n=16) and exposed to standard-of-care treatment (paclitaxel, 5-FU, carboplatin, doxorubicin) and everolimus. These studies showed differential response between organoids from different patients (48). Similar patient-specific responses were observed in another study with low- and high-grade EC-O (n=15) (44). Additionally, organoids from a patient with uterine carcinosarcoma and a patient with endometrial adenocarcinoma were used for drug screening. In both patients PI3K-inhibitors (buparlisib) were most effective, consistent with PIK3CA mutation present and strongly interacted with HDAC inhibitors as the most potent combinations treatment for both cancer organoids (67). For all three studies, no clinical comparison could be made.

Ovarian cancer organoids (OC-O) were successfully developed from multiple stages and subtypes (56 organoid lines). Standard-of-care drugs (platinum/taxanes) as well as targeted agents (PIK3K/AKT/mTOR inhibitors or PARP inhibitors) were used to test treatment sensitivity of OC-O. Unsupervised hierarchical clustering based upon platinum/taxane sensitivity could distinguish chemosensitive high-grade serous (HGS) organoids and chemoresistant non-HGS organoids which corresponded to the clinical findings. For one patient, HGS organoids clustered with the resistant group, corresponding to its clinically chemo-resistant phenotype and status as recurrent disease. The pre-treated counterpart of this patient did cluster with the chemo-sensitive group, correlating with clinical behavior (47). Another study also developed OC-O from different subtypes and found significant correlations between organoid response towards carboplatin and paclitaxel combination treatment and clinical response (N=7, p<0.01). During follow-up, organoid drug response did not correlate with 6-month progression-free survival. However, organoids derived from the patient with the shortest overall survival was least responsive. Interestingly, for a subset of patients, organoids were derived from multiple biopsies from the same tumor. This identified a differential response in monotreatment between different cancer lesions of seven patients in 31% of the cases, with at least one-mismatch for every drug tested. This emphasizes that intratumor heterogeneity may not be captured by a single biopsy indicating the importance of using multiple biopsies from different locations to predict sensitivity (51).



Central Nervous System Cancer

As a proof-of-concept, organoids from one GBM patient, progressive after standard-of-care treatment, was used to identify potential drug candidates based on genomic alterations. This identified everolimus to be a potential therapeutic agent which correlated with a partial clinical response in this case-study (55). Cancer organoids derived from GBM patients were also used to test drug sensitivity to both standard-of-care chemotherapy (temozolomide) and molecular targeted agents towards mTOR, PI3K or DNA damage response. Differential response towards monotherapy as well as combined treatments with temozolomide and targeted agents was observed between organoids from different patients (56).

Chordoma organoids, a rare spinal cancer, were established that retained PD1 positive CD8 T-cells and were used to predict response towards nivolumab (PD-L1 blockade). A dose-dependent effect was observed in both PD-L1 positive and PD-L1 negative patients which corresponds with previous findings that low expression of PD-L1 can still lead to responses towards PD-L1 blockade (i.e. the approval of PD-L1 inhibitor pembrolizumab in NSCLC starting at 1% PD-L1 positivity). This study shows that this treatment response can potentially be predicted in cancer organoids, regardless of PD-L1 status though no correlation towards individual patient response could be made (54).

Multiple organoid lines of retinoblastoma were developed and tested for response to standard-of-care chemotherapy (melphalan, topotecan and methotrexate) which showed a similar response towards tumor cells in advanced disease in clinical practice, but here no direct comparison to the patient response was made (53).



Breast Cancer

Breast cancer is one of the most prevalent types of cancer, comprising over 20 different subtypes. To include all these subtypes, a large (>100 organoid lines) breast cancer organoid biobank was established. For 12 patients with metastatic breast cancer a comparison with patient outcome was made. In this subset, the in vitro response to tamoxifen (estrogen receptor antagonist) matched that of the patients, showing their potential as treatment predictors. This biobank was used for high-throughput drug screening in which most, but not all, organoids responded to treatment as predicted from their mutations. Some organoid lines were insensitive to HER2 targeting despite HER2 overexpression which emphasizes the value of functional in vitro drug tests using cancer organoids (57).

In another proof-of-concept study breast cancer organoids were derived from one patient and drug screening identified fulvestrant (estrogen receptor antagonist) as the most optimal treatment for this patient whereas based on genetic analysis (PTEN mutant), everolimus was expected to be the most effective treatment. Possibly this discrepancy can be explained by subclonal PTEN alterations resulting in differential efficacy of everolimus. Since this patient was not treated with either of these agents no correlation to the clinical response could be made, however it does show the additive value of drug screen on cancer organoids to genetic analysis of the tumor (58).



Pulmonary Cancer

Lung cancer is the leading cause of cancer mortality and can be subdivided in non-small cell lung cancer (NSCLC) and small cell lung cancer (SCLC). The first lung cancer organoid biobank was established using 80 lung cancer (SCLC and NSCLC) patients. Drug sensitivity testing was performed for both cytotoxic drugs (docetaxel) and targeted agents (olaparib and erlotinib). Sensitivity to PARP inhibitor olaparib correlated with BRCA2 mutation status as expected. EGFR-targeting by erlotinib did correlate with EGFR mutation status in most, but not all, lung cancer organoids. In one patient that harbored an EGFR mutation but was resistant to erlotinib, a MET amplification was present explaining resistance (60). In another study, NSCLC organoids were derived from lung adenocarcinoma using a TP53 activator (nutlin) to eliminate normal lung stem cells and organoids were used as a potential drug screening model from which findings could be correlated to molecular markers. Lung cancer organoids with an ALK1 mutation were shown to be resistant to crizotinib whereas ERBB2 mutated cancer organoids were sensitive to erlotinib and gefitinib (59). Both studies did not compare the organoid response with that observed in the patient. Two more studies used NSCLC organoids for drug screening and correlation to molecular alterations found in the tumor. Both studies identified differential response towards treatment between organoids from different patients (61, 62) but also some treatments (such as vincristine) which showed comparable activity across all organoid lines (62).



Head-and-Neck Cancer

Head-and-neck squamous cell carcinoma (HNSCC) organoids were developed and tested for treatment response towards standard-of-care chemotherapy in the metastasized setting (cisplatin and docetaxel). This study observed the highest IC50 value for docetaxel in the organoids derived from a pre-treated relapsed patient. Furthermore, in vitro resistance towards either one of the treatments could be confirmed in in vivo mouse models (63). HNSCC organoids were subjected to drug screening for targeted agents and standard-of-care treatments (cisplatin, carboplatin, cetuximab or radiotherapy) and differential responses were observed between organoids from different patients. Additionally, for a subset of patients, radiosensitivity of the organoids could be compared to clinical response. For six out of seven patients the organoid response towards radiation was similar to the clinical outcome of the patient (64). Another study used HNSCC organoids to test a novel treatment approach, EGFR-targeted photodynamic therapy. A patient-specific response was observed which correlated with EGFR levels exhibited in the tumor and corresponding organoids (65).




Discussion

In the past decade, cancer organoids have been established for large set of solid tumors and extensively characterized on a genetic, transcriptomic and phenotypic level. Overall, the conclusion is that cancer organoids are genetically and phenotypically stable replicates of the tissue and tumor subtype characteristics. Multiple studies have also used cancer organoids for drug screening approaches. However, only few studies have been able to make a quantitative clinical comparison to derive predictive values (11, 23, 25, 51). Most studies to date still provide a descriptive comparison between the organoid and clinical response which highlights the potential value of cancer organoids for this utility. Nonetheless, larger cancer organoid studies that make a quantitative comparison to the clinical response are warranted to make accurate statements about the sensitivity and specificity of cancer organoids as clinical predictors of response and outcome. Cancer organoids have the potential to improve patient selection as multiple studies have shown that in some cases cancer organoids responded differently than predicted by driver mutations in the tumor (51, 57). This could for example be due to small tumor subclones or mutations downstream or parallel to the targeted pathway (60). Recently, a protocol has been published as a standardized method to successfully establish organoids from different cancer types and perform drug screening thereof (71). Such guidelines are crucial to develop a robust and reproducible co-clinical platform for cancer organoids.


Limitations in Cancer Organoids Studies

Several limitations currently exist that need to be addressed before cancer organoids can be implemented as a co-clinical track to aid clinical decision making. First, the derivation of organoids is not equally effective for all solid cancers. For example, NSCLC has shown a low establishment rate due to frequent overgrowth of lung cancer organoids by normal airway cells (72). This overgrowth of somatic stem cells has been observed in the derivation of liver, prostate and endometrial cancer organoids as well (31, 43, 48). Approaches using omission of growth factors or addition of drugs based on molecular alterations of the tumor cells have been used to achieve pure cancer cell populations. However, these approaches are not universally applicable and vary greatly between cancer types but also between samples within the same cancer type (59, 73). Such approaches however should be avoided as they will reduce heterogeneity by eliminating subsets of tumor clones and may stimulate the outgrowth of others which will result in a reduced tumor representation and ability to predict treatment response. Future studies, including single-cell sequencing of organoids should be conducted to investigate how such counter selections affect tumor representation. Second, the derivation time of most cancer organoids is currently still weeks to months. If cancer organoids were to be used as co-clinical avatars this derivation time needs to be shortened to be of actual clinical value to the patient. Third, at the moment most patients die from metastatic disease. Heterogeneity between the primary tumor and developed metastases is an important cause of treatment failure in the metastasized setting. The opportunity to derive cancer organoids form different tumor sites provides the opportunity to select treatment options to which all distinct tumor locations share sensitivity. Multiple studies have successfully used this approach and showed differential as well as similar treatment responses for several anti-cancer agents between organoids derived from multiple tumor sites (33, 34, 51, 52). In clinical practice, taking multiple biopsies from one tumor or taking biopsies from multiple metastases might however not always be feasible which could potentially limit this application into the clinic.

Finally, the usage of exogenous growth factors and animal-derived basement membrane extracts (BME) in organoid cultures might influence reproducibility between organoid studies. There is currently no consensus on which medium components should be used, also not within one tumor type, which could explain differences found between studies with regards to treatment sensitivity. Moreover, the BMEs that are mostly used (i.e. Matrigel) feature variable compositions and the protein composition does not always reflect the stromal composition of the tissue the cancer cells were derived from. Utilizing a well-defined 3D matrix, adjusted to specific tumor types, might help to further improve cancer organoid studies (74).



Incorporation of the Tumor Micro-environment in Cancer Organoids

Cells from the tumor micro-environment, such as stromal cells, immune cells and endothelial cells are lacking from cancer organoids. This may limit the utility of patient cancer organoids as predictors of treatment response as the tumor micro-environment is a key determinant of therapeutic outcome and a potential therapeutic target (75, 76). Importantly, hypoxia, a common characteristic of the tumor micro-environment of solid tumors which greatly contributes to malignant behavior and chemo- and radioresistance does develop in organoids once they reach a certain size (52). The importance of the tumor micro-environment has also been shown by incorporating cancer-associated fibroblasts in pancreatic cancer organoids which led to increased resistance towards treatment (68).

Several attempts have already been made towards incorporating aspects of the tumor micro-environment into the cancer organoid system (77). These include co-culture of tumor cells and immune cells or the preservation of original tumor micro-environmental components in the culture system (15). An example of this is the development of a co-culture system of peripheral blood mononuclear cells (PBMCs) and NSCLC or CRC cells. In this system, autologous tumor-reactive T-cells could be induced which were also shown to specifically kill tumor organoids whereas matched healthy airway organoids were unaffected (78). An air-liquid-interface (ALI) system was used to propagate cancer organoids directly from human or mouse tumor biopsies with preservation of the immune stroma and original tumor T-cell receptor spectrum and used to model immune checkpoint blockade therapy (79). In another example, glioblastoma biopsies were cut into small pieces without using a BME. This approach showed retention of immune and endothelial cells during culture and could be used to test for CAR-T cell treatment. However, whether these immune cells remain functional after prolonged culture is still uncertain (80).

Whereas endothelial cells can be preserved in acute slice culture systems and by starting a culture directly from a tumor biopsy without disturbing the tissue architecture, re-creating functional blood vessels requires a very different approach. Towards this goal, human vascularized brain organoids by co-culturing brain organoids and in vitro differentiated iPSCs towards endothelial cells were generated (81). Furthermore, tumor-on-a-chip models have been developed that include a microfluidic model to mimic vasculature and a running blood stream to further mimic the in vivo drug delivery situation (82).



Drug Response Standardization in Cancer Organoid Studies

In order to fully understand the potential of cancer organoids as patient avatars important aspects need to be addressed. Most studies to date have used arbitrary drug dosages or titration curves. While this is a fairly common approach in pre-clinical research, it is recommended to use human equivalent dosages (i.e. measured drug concentrations in cancer tissue in vivo) in treatment experiments using cancer organoids. These differences in drug dose could lead to survival of cell populations in vitro that do not die in vivo or vice versa. Furthermore, since all studies use different drugs schedules and dosages, discrepancies of the predictive value of organoids between different studies can occur. Changes in drug concentration due to differences in diffusion of metabolites, in vivo drug metabolism and limited drug penetrance as a result of physiological barriers such as the blood-brain-barrier (BBB) can change the efficacy of a treatment option due to inadequate drug concentration in the cancer organoid. Microfluidics and an artificial BBB using organ on a chip technology may advance the field in this respect (82, 83). Furthermore, anti-cancer drugs are administered in specific treatment schedules in clinical practice. Especially concurrent treatment with multiple systemic agents and/or radiotherapy is still lacking in most cancer organoid studies whereas this is a common treatment strategy in daily clinical practice. Another important consideration that requires critical analysis are the treatment endpoint assays used in cancer organoid studies. It is well established that short term proliferation and viability/cell death (apoptosis, BrdU, ATP assays) are not predictive for long term survival and tumor control probability in response to radiotherapy and chemotherapy. Organoids are composed of heterogeneous cell population in which cancer stem cells have different responses to treatment and constitute only a minor fraction of the organoid population. Therefore, ninety percent cell death may not involve the most resistant clones within the organoid or the tumor in the patient. As tumor stem cells are intrinsically more resistant to treatment (84, 85) than bulk -non tumor stem cells–treatment schedules should also include long term survival assays (e.g. organoid replating studies, clonogenic assays) combined with tumor stem cell biomarkers to be more predictive for the tumor cure dose in vivo.



Development of Recurrent Cancer Organoids

An interesting application of cancer organoids to be further explored is the development of organoids from recurrent cancer. Some studies describe organoids from biopsies from recurrent tumors, both with and without matched primary tumors (45, 47). Another interesting approach could be the in vitro development of a recurrent organoid from primary tumor organoids (10). Under selection of treatment pressure, resistant subpopulations within the tumor could potentially outgrow the treatment-sensitive cell populations or cause the acquisition of new mutations that cause resistance or may identify new therapeutic targets. Future studies should address if in vitro induced resistance mechanisms mimic the behavior of recurrent disease in patients.



Corresponding Cancer and Healthy Tissue Organoids

Another important advantage of organoids is the possibility to simultaneously culture cancer and healthy tissue organoids from the same patient. Several studies have already implemented this technique in which it supported selection of the most promising treatment option (38, 50, 78, 86). Normal tissue toxicity is one of the main dose-limiting factors in cancer therapy, and being able to predict this can be of great benefit towards both optimal cancer treatment as well as maximizing quality of life. Thus, organoids are not only useful to individualize treatment in order to eradicate cancer cells but also to exclude potentially toxic treatments. The use of normal tissue organoids in parallel is only just emerging but would be a key feature to the armamentarium of organoids as clinical avatars for personalized precision medicine.




Conclusion

In conclusion, cancer organoids exhibit the potential to act as predictors for clinical treatment response. However, quantitative data to make accurate statements about their predictive value is mainly lacking from current studies which is warranted to work towards their clinical implementation.

Biobanks of cancer organoids can be used to identify targetable mutations and patient subgroups to stratify patients for specific anti-cancer treatment options, beyond single predictive molecular markers. This approach is currently utilized by actively involving cancer organoids in ongoing clinical trials to improve patient selection (NCT03416244; NCT03307538).

Finally, cancer organoids can act as living surrogates (patient avatars) to use for high-throughput drug screening approaches to aid directly in the treatment of the specific patient that the organoid has been derived from and for the discovery of novel drug and targets. This possibility opens up major possibilities in the selection of personalized treatment options and the prevention of normal tissue toxicity.
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Cancer immunotherapy has revolutionized the field of cancer treatment in recent years. However, not all patients receiving cancer immunotherapy exhibit durable responses, and reliable, high-throughput testing platforms are urgently needed to guide personalized cancer immunotherapy. The ability of patient-derived tumor organoids to recapitulate pivotal features of original cancer tissues makes them useful as a preclinical model for cancer research and precision medicine. Nevertheless, many challenges exist in the translation of tumor organoid research to clinical decision making. Herein we discuss the applications of patient-derived tumor organoid models and the advances and potential of using complex immune-organoid systems as testing platforms to facilitate precision cancer immunotherapy. In addition, we highlight intriguing applications of tumor organoids with novel multi-omics in preclinical cancer research, highlighting genetic editing, proteomics, and liquid biopsy.
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Introduction

Despite developments in early detection and treatment in the past decade, cancer remains the second leading cause of death worldwide (1). Recently, the emergence of cancer immunotherapy has revolutionized conventional cancer therapeutics and rejuvenated the field of cancer immunology (2–5). Nevertheless, only a select group of cancer patients have achieved marked clinical responses to cancer immunotherapy (6–9). The pressing need to improve cancer immunotherapies has brought great attention to the tumor immune microenvironment (TIME), whose study requires robust and faithful preclinical research models recapitulating patient-specific tumor-immune interactions.

The TIME, including immune cells and cancer-associated fibroblasts (CAFs), greatly fosters carcinogenesis and tumor progression and influences the therapeutic responses of malignant cells (10–12). However, it was previously difficult to model this TIME in experiments (13). Cancer cell lines and patient-derived xenograft models (PDXs) suffer from several limitations. The former fail to adequately reflect the heterogeneity of tumor epithelial cells (13), and the latter are based on the murine immune system, which cannot replicate the tumor-immune interactions in humans (14). Patient-derived tumor organoids (PDTOs) have emerged as a useful model that can maintain tumor epithelial cells in a near-native state (15). PDTOs are able to maintain the heterogeneity of original cancers and can recapitulate the human TIME (16–18), thus providing an intriguing opportunity to facilitate precision cancer immunotherapy.

In this paper, we will discuss the state of the art of organoids in cancer immunological research. The limitations and prospects of this complex tumor organoid culture system are presented. We propose the potential applications of complex tumor organoids as testing platforms for various cancer immunotherapeutic approaches including antibody-based immunotherapy, oncolytic virus therapy and adoptive cell transfer therapy. We also highlight the intriguing combination of PDTOs with cutting-edge multi-omics and their applications in investigating cancer immunobiology and developing immunotherapy drugs.



Patient-Derived Tumor Organoids

Organoids are 3D self-organized structures derived from adult tissue stem cells, embryonic stem cells, or induced pluripotent stem cells that mimic key structural and functional features of their in vivo counterpart organs (18–20). In 2009, Hans Clevers’s group developed the first organoids from mouse intestinal stem cells (21), which established the starting point for other culture protocols for mouse and human tissue-derived organoids. The development of tumor organoid culture has allowed the application of PDTOs to test and predict drug responses in the context of precision cancer treatment. Currently, tumor organoid biobanks have been established from various types of cancer, including breast (17), lung (22, 23), colorectum (24–28), stomach (29–31), liver (32, 33), pancreas (34), ovary (35, 36), prostate (37), and brain (38). Although these epithelial-only PDTOs are generally available, their lack of immune and other nonimmune components of the TIME impedes immunotherapy assessment, such as checkpoint inhibition blockade and adaptive T-cell therapy. Therefore, significant effort is needed to optimize the tumor organoid culture system, forging a path toward organoid-guided personalized cancer immunotherapy.



Recent Advances in Complex Tumor Organoid Culture

An increasing number of studies have focused on the essential factors of organoid development and novel organoid culture methods to recapitulate the TIME, facilitating the basic research and clinical translation of immuno-oncology. In this section, we describe the recent advances in complex tumor organoid culture systems (Table 1).


Table 1 | Overview of currently established tumor organoid-immune cell co-culture systems.




Adding Immune Cells to Organoid Culture

Currently, there are two conceptually different approaches to organoid–immune cell coculture models: the reconstitution approach expands tumor organoids and immune cells separately and then generates a coculture system with both components, whereas the holistic approach uses tumor organoids cultured directly from tumors while retaining endogenous immune cells (16, 46) (Table 1).

Reconstitution approaches initially expand organoids and immune cells separately and then establish cocultures for the investigation of organoid-immune cell interactions. The reconstitution of tumor organoids with various immune cell populations has been explored (Table 1). One study reported a triple coculture of mouse gastric tumor organoids with dendritic cells (DCs) and cytotoxic T lymphocytes (CTLs) (44). The stimulated CTLs resulted in significant death of gastric tumor organoids in the presence of an anti-PD-L1 neutralizing antibody (44). Additionally, PDTO-T cell cocultures hold the potential to predict the functionality of tumor-infiltrating lymphocytes (TILs) after immune checkpoint blockade. In a proof-of-principle study, the authors cocultured human colorectal cancer organoids with TILs using a reconstitution approach (47). The authors exposed the coculture to anti–PD-1 antibody and identified partial restoration of antitumor immunity in TILs with increased PD1 expression (47), revealing that these coculture assays have potential as a platform to evaluate the efficacy of cancer immunotherapy.

In contrast to reconstitution approaches, which add exogenous immune cells into epithelial-only tumor organoids, holistic approaches expand and activate endogenous immune cells within tumor organoids as a cohesive unit. A study in 2016 reported that intraepithelial lymphocytes were retained within organoids derived from human epithelial breast tissue (43). The authors then treated organoids for up to 4 weeks with aminobisphosphonate drugs that have been proven to selectively activate Vδ2+ T cells, a subset of IFNγ-producing T cells. In a subsequent experiment, stimulated Vδ2+ T cells from breast organoids produced the antitumor cytokine IFNγ and efficiently killed breast carcinoma cells (43). In early 2018, two groups described 3D microfluidic-based culture to recapitulate anti-PD1/PDL1 cancer immunotherapy using mouse-derived and patient-derived organotypic tumor spheroids (MDOTS and PDOTS, respectively) (39, 40). Tumor spheroids together with endogenous lymphocyte and myeloid populations could be preserved for short-term (5-9 days) culture, allowing the investigation of endogenous immune–tumor interactions (39, 40). Later in the same year, one study described a sophisticated air-liquid interface (ALI) organoid culture method that enabled the coculture of the original tumor epithelium with its diverse endogenous immune cells (41). The authors showed that a diversity of endogenous immune cell types, including tumor-associated macrophages, T cells [T helper (Th), cytotoxic (Tc), regulatory (Treg), and exhausted (Tex)], natural killer (NK) cells, and B cells, were successfully cultured for up to 30 days in ALI organoid cultures (41). Strikingly, the ALI PDTOs could preserve the T cell receptor (TCR) heterogeneity found in the original tumor and model immune checkpoint blockade, which led to the proliferation and activation of tumor antigen-specific T cells and subsequent tumor cytotoxicity (41).



Adding Cancer-Associated Fibroblasts

CAFs account for a large proportion of the tumor stroma and play considerable roles in the TIME (48–50). Therefore, it is important to include CAFs in the culture system of tumor organoids. Indeed, PDTOs and CAFs have recently been employed in 3D coculture systems to investigate the reciprocal interaction between tumor cells and CAFs (51–53). CAFs have been utilized to supplement PDTO cultures using a reconstitution approach (52–54). One study explored CAF heterogeneity by coculturing pancreatic cancer organoids and CAFs and identified two spatially separated subtypes of CAFs with distinct protein expression profiles: high α-smooth muscle actin (αSMA)-expressing myofibroblast-like CAFs proximal to tumor cells and high IL-6-expressing inflammatory CAFs distally located from neoplastic cells (53). The dynamic tumor-stroma interaction was investigated in a 3D coculture system of lung squamous carcinoma (LUSC) organoids with CAFs and extracellular matrix (ECM) (55). Intriguingly, the authors showed that CAFs could override cell intrinsic oncogenic changes in determining the disease phenotype in the LUSC setting (55). The ability to retain the heterogeneity and phenotype of the original tumor tissue makes the 3D coculture system of PDTOs and CAFs a promising model for tumor immune microenvironment research.



Adding Vasculature

Another major issue in the current organoid system is the lack of vascular circulation. Without a blood supply, organoids can grow only to a limited size, beyond which the center of the organoid would develop necrosis (56, 57). To overcome this challenge, developments in organoid vascularization and perfusion are required to maintain the complexity and scale of organoids.

Organoid vascularization could be generated by the transplantation of organoids into vasculature-rich animal tissue, including chicken chorion allantois membrane models, with the host vasculature integrating into the organoids (58, 59). The methods of adding vasculature in vitro include the layer-by-layer deposition of endothelial cells and the selective removal of material to form tubular voids that are connected to perfusion networks (60). Moreover, vasculature is also induced in organoid-endothelial cell cocultures in microfluidic devices (60). In one recent study, 3D tumor spheroids were integrated with human umbilical vein endothelial cells (HUVECs) and normal human lung fibroblasts (nhLFs) in a fibrin gel, which developed a perfusable vasculature in vitro (61).



Adding Extracellular Matrix

The in vivo ECM is a dynamic polymer network that not only provides structural support but also delivers biochemical signaling cues (62, 63). In relation to cancer research, the ECM plays critical roles in tumor growth, invasion, metastasis, and metabolism (64, 65). Therefore, it is crucial to integrate an appropriate ECM into tumor organoid culture models. Over the last decade, the most commonly used matrix for the culture of tumor organoids has been basement membrane extracts (BMEs) (66). The BMEs have been commercially available under the trade name Corning Matrigel, a solubilized basement membrane matrix secreted by Engelbreth-Holm-Swarm (EHS) mouse sarcoma cells. BMEs that include ECM proteins (laminin, collagen IV, and entactin) are simple to prepare and use in organoid culture. Although BMEs have provided a tumor-relevant environment for human tumor organoid culture, several limitations hinder our understanding of organoid-ECM interactions, including extensive batch-to-batch variability, xenogenic contamination, ill-defined ECM components, and poor control of mechanical properties (67). Collagen is the most abundant structural ECM component in human tumor tissues. Collagen type I matrices are also widely used as scaffolds for tumor organoid studies because they share biochemical and biophysical features of the TIME, such as cell adhesion sites and stiffness (68). Tumor organoids with a collagen type I matrix could be utilized for the investigation of invasive cell phenotypes (69, 70). Nevertheless, as collagen is often animal derived, collagen type I matrices suffer from similar limitations to BMEs. Thus, it is imperative to develop new ECM materials to replace the current animal-derived matrices. Engineered matrices are promising alternatives for scaffolds in tumor organoid models, offering well-defined, tunable ECMs with high batch-to-batch reproducibility (71). Nevertheless, engineered matrices also have some limitations, including low culture efficiency and a lack of sufficient spatiotemporal control to model the dynamics of the TIME. Overall, further efforts are still required to develop the optimal ECM for tumor organoid culture, facilitating a more complete understanding of cancer-ECM interactions in vitro.




Complex Organoids and Immunotherapeutics

An ideal preclinical platform to test cancer immunotherapies requires a cancer–immune cell coculture which reflects the cellular distribution of the original tumor and recapitulates the response to immunotherapeutic. Recent advances in complex tumor organoids have shown this organoid system could be used as efficient and pivotal platforms to assess the efficacy of cancer immunotherapy and the identification of novel combination treatment strategies.


Antibody-Based Immunotherapy

Antibody-based immunotherapy is a major form of cancer immunotherapeutics that can specifically limit cancer cell survival and activate the immune system to eradicate cancer cells (72). Currently, tumor organoids have mainly been employed as preclinical models to investigate the efficacy of antibody-based checkpoint blockade immunotherapy. Using either reconstitution or holistic approach, the efficacy of PD-1/PD-L1 immunotherapy could be recapitulated in complex organoid culture system in the presence of functional immune cell populations (41, 45). Intriguingly, the immune–tumor organoids system could also be used to identify novel strategies for antibody-based combination cancer treatments. Small molecule inhibitors such as TBK1/IKKe inhibitor or CDK4/6 inhibitor were reported to synergize with PD-1 blockade and lead to enhanced tumor killing (39, 40). Bispecific immunomodulatory antibodies could simultaneously bind two different antigens located on cytotoxic cell and target tumor cell respectively, resulting in tumor cytotoxicity. Cibisatamab is a bispecific antibody designed to target CD3 on T cells and CEA in colorectal cancer cells. In one recent study, the complex cancer organoids were used to identify potential novel strategy for enhanced therapeutic effect of cibisatamab (73).



Oncolytic Virus Therapy

Oncolytic viruses that preferentially infect and replicate in cancer cells, provide an intriguing immunotherapeutic option for cancer patients (74). Oncolytic viruses can not only result in direct destruction of cancer cells, but also trigger host anti-tumor immune system responses (75). Several groups used tumor organoids to evaluate the efficacy of oncolytic virus therapy in preclinical settings. These studies demonstrated that oncolytic adenovirus could show selective replication in PDTOs while not in organoids derived from normal tissue, and tumor organoids are ideal preclinical models to predict responses to oncolytic adenovirus therapy (76–78). However, these studies failed to investigate oncolytic virus therapy in complex immune–organoids. One recent study first described the efficacy of a novel oncolytic adenovirus treatment in PDTOs with various immune cell populations. In order to activate multiple immune effector populations including neutrophils and natural killer cells, the authors engineered a Fc-fusion peptide against PD-L1 consisting of a cross-hybrid Fc region containing constant regions of an IgG1 and an IgA1. This Fc-fusion peptide was cloned into an oncolytic adenovirus, and enhanced oncolytic efficacy was observed in complex immune–organoids platform (79).



Adoptive Cell Transfer Therapy

Adoptive cell transfer therapy represents an important alternative to immune checkpoint inhibitors and uses genetically engineered T cells with chimeric antigen receptors (CARs) or high-affinity T cell receptors (TCRs) recognizing tumor-associated antigens (80). In this scenario, antitumor lymphocytes are expanded ex vivo and then given back to the patients. While CAR-T cells targeting CD19 show prominent effects in hematological malignancies including B cell lymphoma and acute lymphoblastic leukemia, efficacy in solid tumor remains elusive. Complex organoids have shown great potential to serve as efficient platforms for evaluation of CAR cell efficacy. PDTOs have now been used to test specific tumor killing of CAR-NK92 targeting EGFRvIII or FRIZZLED in colorectal cancer setting (81). Additionally, PDTOs could be utilized as culture platforms to enrich tumor reactive T cells and induce more effective anticancer immune responses (82).




Combination of PDTOs With Multiomics

Recent advances in organoids have not only facilitated biobank-based disease modeling, cancer therapeutic strategies, and personalized medicine (15) but also revolutionized the field of cancer studies by improving the understanding of mechanisms and disease modeling at the molecular level (18, 83). Nevertheless, based on current knowledge and applications, further improvements on the road to tumor organoid-based clinical decision making are still required. In this section, we will discuss the latest applications and promising prospects of tumor organoids in various omics disciplines that could help move precision medicine forward (Figure 1).




Figure 1 | Complex culture system and possibilities for tumor organoids in cancer immunotherapy research. Complex immune organoid culture systems including fibroblasts, various immune cells, and vasculature in addition to tumor organoids could be leveraged to serve as platforms for testing cancer immunotherapy. Various state-of-the-art technologies can be used in combination with complex tumor organoid culture systems to propel precision medicine. The figure was generated on Biorender.com.




Genetic Engineering

Genetic engineering, especially the CRISPR–Cas9 system, has substantially improved genetic modification and screening in both in vitro and in vivo human cancer models, such as cell lines and mouse models, revealing previously unknown cancer drivers (84–90). Nevertheless, it is difficult for these preclinical models to accurately recapitulate in vivo tumor biology. To this end, there has been a growing interest in performing CRISPR–Cas9 genome editing in tumor organoids. In 2013, Hans Clevers’s group was the first to implement CRISPR–Cas9 technology in an organoid model (91). They successfully corrected the CFTR gene in intestinal organoids, demonstrating that the CRISPR/Cas9 system is feasible and efficient for genome editing in patient-derived organoids (91). In one study, Han and coworkers performed genome-wide CRISPR screens in both 2D and 3D lung cancer models and found that screening in 3D models captured the characteristics of oncogenes and tumor suppressor genes more accurately than the use of 2D models (92). Interestingly, the authors reported that the knockout of the cancer driver gene CREBBP exerts a positive growth impact on a 3D model but a negative growth effect in a 2D cancer cell line (92). CRISPR–Cas9 could also be used to investigate the clonal evolution of carcinogenesis. Successful multihit oncogenic transformation of normal-tissue-derived organoids to carcinoma has been achieved by introducing simultaneous or sequential oncogenic mutations into tissues such as breast, stomach, pancreas and colon (31, 93–96). Although several limitations need to be addressed including heterogeneous growth rates of organoids and single-guide RNA coverage (97), cancer organoids could serve as a promising platform for CRISPR–Cas9-mediated genome editing and large-scale screens to improve the efficacy of cancer immunotherapy.



Proteomics and Immunopeptidomics

Mass spectrometry (MS)-based proteomics shows great promise to yield important insights for cancer therapy, yet poor resolution, the need for large amounts of samples, and the absence of high-throughput capacity are limiting factors. Recent advances in sample processing, separations and MS instrumentation highlight the possibility of personalized proteomics (98). The potentially unlimited supply of well-characterized patient material makes organoids a unique platform for personalized proteomic analysis. In 2017, Cristobal and coworkers first performed deep proteome profiling of human colon organoids and identified common features shared by the original cancer samples, as well as individual diversity that could aid in personalized cancer treatment (99). Over the past years, the recognition of neoantigens has been an important driver of the clinical activity of T cell-based cancer immunotherapy, and various strategies to identify accurate neoantigens have been pursued (100). In a 2019 study, the authors greatly improved neoantigen identification by using deep learning and large datasets of human leukocyte antigen (HLA) peptide mass spectrometry based on human tumor tissues to create an optimal model of antigen presentation for neoantigen prediction (101). It is likely that tumor organoids could serve as an ideal system to further advance the identification of neoantigens. In 2020, Demmers and coworkers were the first to perform tumor organoid proteomics for the investigation of intrapatient clonal diversity in HLA peptide presentation (102). Single-cell-derived tumor organoids showed high diversity in HLA peptide presentation even within the same cancer patient (102). In summary, organoid-based proteomic analyses are currently feasible and could expand the technical toolbox for precision cancer therapy in the near future.



Exosomes

Exosomes are small (30-150 nm) extracellular vesicles surrounded by a lipid bilayer membrane and secreted by most eukaryotic cells (103, 104). The components of exosomes, including proteins, nucleic acids (DNA, mRNA, microRNA, lncRNA, etc.), lipids, and metabolites, play important roles in regulating tumor growth, metastasis, metabolism and immune escape (56, 105, 106). Exosomes have been detected in multiple bodily fluids, including blood, urine, cerebrospinal fluid, bile, and saliva, revealing great potential to serve as novel biomarkers for cancer diagnosis (107, 108).

Tumor-derived exosomes are crucial in transferring intercellular signals to modulate the TIME (109, 110). Recently, exosomal PD-L1 has been reported to play vital roles in systemically suppression of the anti-tumor immune response, which illustrates potential mechanism of resistance to PD-L1 blockade (111, 112). Of note, exosomal PD-L1 before and during anti-PD-1 treatment could indicate dynamic states of anti-tumor immunity (111). Therefore, tumor organoid-derived exosomes hold great promise to provide valuable insights regarding immunosurveillance and ultimately cancer immunotherapy. To date, only a few groups have explored the merits of PDTO-derived exosomes in preclinical cancer research. In one study, the authors cocultured esophageal adenocarcinoma-derived exosomes with normal human gastric epithelial organoids (gastroids) and found that exosomal miR-25 and miR-210 could induce an oncogenic phenotype in gastroids (113). Another recent study indicated that PDTO-derived exosomal miRNAs had potential as diagnostic biomarkers for precancerous lesions of colorectal cancer (114). PDTOs could be the source of standardized and scalable production platforms for tumor-derived exosomes, facilitating cancer diagnosis and immunotherapy. However, the availability of organoid-derived exosomes in sufficient quantities, potential contaminants from complex PDTO cultures, and heterogeneous growth rates of PDTOs could be challenging issues, and further research is needed. More studies focusing on the application of organoid-derived exosomes for cancer immunotherapy are underway, and the results are eagerly awaited.




Conclusion and Future Outlook

The current efficacy of cancer immunotherapy is not satisfactory, and there is a high unmet need for a faithful preclinical model that allows better translation from bench to bedside. Tumor-derived organoids have shown promise for modeling the effects of cancer immunotherapy. While the clinical application of organoid technology is attractive, several significant challenges remain to be overcome. One major bottleneck is that tumor organoids are often derived from biopsies representing only a small part of the entire tumor. In this way, the complexity of the original malignant lesion will always be underrated, and intratumoral heterogeneity could hinder clinical translation. Additionally, the long-term preservation of various immune cells and CAFs needs further optimization.

There are many clinical trials currently ongoing to appraise the merits of PDTOs in precision cancer treatment. Complex tumor organoid culture systems hold promise to unravel the dynamic interactions between the cancer and the immune system and to support drug screening for personalized immunotherapy in the contexts of basic research and clinical trials. As a research tool, tumor organoids currently offer the most accurate in vitro system to recapitulate the original human cancer tissues. The applications of genome-wide CRISPR screens, proteomics and exosomes in tumor organoids show great potential for both basic and translational cancer research in the foreseeable future.
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Designing studies of immunotherapy is limited due to a lack of pre-clinical models that reliably predict effective immunotherapy responses. To address this gap, we developed humanized mouse models of colorectal cancer (CRC) incorporating patient-derived xenografts (PDX) with human peripheral blood mononuclear cells (PBMC). Humanized mice with CRC PDXs were generated via engraftment of autologous (isolated from the same patients as the PDXs) or allogeneic (isolated from healthy donors) PBMCs. Human T cells were detected in mouse blood, tissues, and infiltrated the implanted PDXs. The inclusion of anti-PD-1 therapy revealed that tumor responses in autologous but not allogeneic models were more comparable to that of patients. An overall non-specific graft-vs-tumor effect occurred in allogeneic models and negatively correlated with that seen in patients. In contrast, autologous humanized mice more accurately correlated with treatment outcomes by engaging pre-existing tumor specific T-cell populations. As autologous T cells appear to be the major drivers of tumor response thus, autologous humanized mice may serve as models at predicting treatment outcomes in pre-clinical settings for therapies reliant on pre-existing tumor specific T-cell populations.
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Introduction

Cancer immunotherapy enhances the immune response in targeting cancer cells. The cytotoxic CD8+ T cells are among some of the predominant subsets of effectors in cancer immunotherapy that eradicate cancer cells (1). Effector cells depend on the evolution of an intra-tumoral niche (2) or tertiary lymphoid structures (3). T-cell exhaustion may also come into play that affects the tumor immune response (4). Despite the complexities of intratumoral immune responses, peripheral T cell expansion seems to help predict tumor infiltration and clinical response (5). In colorectal cancer (CRC) patients, tumors lacking activated CD8+ T cells predicted disease recurrence within 5 years. In contrast, a long disease-free survival was predicted for patients who had intratumoral T cells (6), thereby highlighting the importance of tumor-infiltrating immune cells in controlling the growth and recurrence of tumors. The key benefits of immunotherapy in CRC are typically limited to those with high mutational burden such as microsatellite instability-high (MSI-H) tumors (7–10). This high mutational burden is most commonly associated with an immunogenic neoantigen load that attracts tumor-infiltrating lymphocytes, consequently making them more likely to benefit from immune checkpoint inhibitors (7, 8, 11). These notions are supported by our studies that combined nivolumab and ipilimumab, which improved efficacy compared to anti-PD-1 monotherapy in MSI-H metastatic CRC, which is restricted to 5% of metatstatic CRC tumors (12). Although MSI-H early stage CRC tumor incidence is high (~15%), prognostically, these patients have a more favorable outcome compared to early stage MSS CRC resulting in a reduced percentage of MSI-H metastatic CRC (13, 14). The majority of metastatic CRC tumors are microsatellite stable (MSS) with a low neoantigen burden that is accompanied by reduced clinical benefit from immunotherapy. Pre-clinical models for evaluating MSS tumors may therefore represent an unmet need that can benefit from the development of patient centric approaches for testing broader panels of novel drugs and targeted combinations along with limiting exposure to unforeseen toxicity.

Predicting responses to combination treatments with immunotherapy requires relevant in vivo models that can faithfully predict tumor responses. However, pre-clinical in vivo models for testing the immunotherapy responses are lacking. As others and we have shown, patient-derived xenograft models (PDX) commonly use immunocompromised mice to establish a tumor growth-supportive microenvironment that more reliably reproduces clinical outcomes (15–17). These approaches depend on the immune status of the mouse strain utilized for any given study and principally interrogate the human tumor intrinsic properties of a given drug response without reflecting the human immune components. As one immunocompetent alternative, syngeneic mouse models and genetically engineered mouse models offer a robust and well-characterized system, which reflects species-specific characteristics that require careful interpretation based on macromolecular homologies and systemic immune differences. This has prompted the PDX field to develop a variety of humanized mouse models, whereby an immune deficient mouse strain is engrafted with functional human cells and tissue. These approaches reflect model specific functionality of the human immune components (18–20), but can be poorly predictive of tumor responses. Increasingly, humanized mice are used in immuno-modulation studies to interrogate interactions of the immune system with tumor cells and mechanisms of tumor escape (21–24). However, when these models utilize immune cells that do not match the tumor origin or rely on very limited HLA matching they may not manifest a clearly interpretable immune response. Mismatch of the immune system and tumor can lead to a potent allogeneic response, in which efficacy signals attributed to tumor response instead may be due to a nonspecific graft-versus-tumor response between implanted tumors and donor’s immune cells used to repopulate the immunocompromised mouse. Consequently, a genuine need exists for better models involving autologous tissues that obviate the need for HLA matching or any confounding non-personalized patient factors. To address this lack of relevant in vivo models this study developed a humanized mice model wherein immunodeficient mice were implanted with autologous immune cells and tumor tissue obtained from the same patient to replicate the interaction between the tumor and matched immune system in vivo.



Materials and methods


Tumor and PBMC collection

Surgically resected tumor tissue samples or biopsy samples were collected from CRC patients under a research laboratory protocol LAB10-0982 approved by The University of Texas MD Anderson Cancer Center Institutional Review Board, after patients provided written informed signed consent. In our laboratory, the samples were linked with patients but the patients remained anonymous. Confidentiality was ensured and preserved for all patient-related data. Tumor samples of metastatic CRC sites, primarily the liver, were obtained from the patients, prepared as described previously (25), and implanted subcutaneously in NSG. Tumors were harvested when they reached a volume of 1500 mm3. Suitable patients (MSI-H and MSS) from whom PDXs were established were identified and gave informed consent for blood draws. Blood samples were collected via venipuncture in tubes containing EDTA. Human PBMCs were isolated from whole blood using Lymphoprep density gradient medium (STEMCELL Technologies, # 07801) and viably frozen in fetal bovine serum with 10% dimethyl sulfoxide. Donor PBMCs were isolated from Buffy coats purchased from Gulf Coast Regional Blood Center’s research blood products.



Animals

All mouse handling procedures were approved by the Institutional Animal Care and Use Committee. The vertebrate animals used in this study were female 4- to 6-week old NSG mice (NOD.Cg-PrkdcscidIl2rgtm1Wjl/SzJ, #005557) purchased from The Jackson laboratory. The mice were housed in a specific-pathogen barrier animal facility at the MD Anderson Department of Veterinary Medicine and Surgery. The veterinary care provided included feeding the animals acidified water, a Uniprim diet (Envigo, #TD.06596), and adequate crude protein, minerals, and vitamins.

Nivolumab (Opdivo, Bristol-Myers Squibb Company) was administered intraperitoneally every 5 days at 20 mg per kg body weight for 25 days. Regorafenib (#HY-10331, MedChemExpress LLC) was administered orally every day at 10 mg per kg body weight for 25 days.



Humanized PBMC model

Human PBMCs (~4 to 5 x 106) were injected into unconditioned NSG mice to generate the humanized PBMC model. Human PBMCs were suspended in sterile phosphate-buffered saline at a density of 4 × 106 cells per 0.1 ml and injected intraperitoneally using 1-cc tuberculin syringes with 25-g × 5/8-inch needles (26). Similar engraftment rates were observed with intraperitoneal and intravenous PBMC injections. NSG mice received patient PBMCs that were matched with the PDXs implanted into them or donor PBMCs that were not matched. No HLA typing was done on donor blood samples. Flow cytometric analysis was performed to evaluate human cell engraftment in mice at about 2 weeks after the injections. Mice with human CD45+ cell percentages ≥1% were enrolled into the experimental arms. The mice were monitored daily for any health concerns after human cell engraftment. Time to GVHD symptoms and mortality were determined using time-to-event analyses. Depending on the tumor growth rates, MSI-H or MSS tumors were implanted subcutaneously into mice within the time frame of human cell engraftment as described above. Tumor fragments (~10-30 mm3) were cut using a scalpel, coated with 50-100 µL of Matrigel, and implanted subcutaneously in the flank regions of the mice under anesthesia. On average, three to six mice with bilaterally implanted tumors were enrolled in each experimental arm. Tumor growth was recorded every 3 to 4 days and tumor volume was calculated using the formula V = ½ (Length × Width2).



Flow cytometry

Initial human cell engraftment in the study mice was done by collecting ~100 μL peripheral blood from all mice to be tested along with a blood sample from a non-engrafted mouse to be used as a negative control. Blood cells were stained with fluorochrome-conjugated antibodies. Mouse CD45-PerCP antibody was used for gating out murine leukocytes. This was followed by red blood cell lysis using BD FACS lysing solution and sample fixation for flow cytometric analysis to determine the percent engraftment in each mouse. For end point analysis of different immune cell populations, mouse blood was collected via cardiac puncture and processed similary. Tumors were extracted from mice, minced and enzymatically digested to generate a single cell suspension and processed for flow cytometric analysis. Single –cell suspensions from spleen, bone marrow were also prepared using standard procedures. Antibodies used for flow cytometric analysis were purchased from BD Biosciences (Supplemental Table 1A). All samples were run on a Gallios flow cytometer (Beckman Coulter) and data analysis was carried using FlowJo software.



Immunohistochemistry and immunofluorescence multiplex staining

PDX tumor samples were collected and fixed in 10% neutral buffered formalin and processed routinely for histopathology. Tissues were embedded in paraffin and sectioned at 4 µm. Multiplex staining was performed using Opal 4-Color IHC Automation kit plus opal 620 (Akoya Biosciences) on a Leica Bond RXm autostainer. See antibody tables below. After staining, slides were rinsed in DI water and Vector TrueVIEW Auto fluorescence Quenching Kit was used per manufacturer’s instructions. Slides were hand-coverslipped and imaged at 20x using a Leica Versa 8 fluorescent digital scanning microscope system. Digital slides were accessed through Leica eslide manager and opened in Imagescope software. Leica digital image analysis software was utilized for quantification. A cellular immunofluorescence algorithm was tuned for each panel. Quantitative data was exported into excel spreadsheets. Antibodies used for tissue staining are included in Supplemental Table 1B.



Multiplex cytokine analysis

Multiplex Cytokine analysis of mouse plasma was performed using Bio-Plex™ 200 Instrument (Bio-Rad Laboratories). Mouse blood was drawn into BD collection tubes containing citrate as an anticoagulant, and then inverted several times to mix. Blood samples were then centrifuged at 1000xg for 15 min at 40C. Plasma was transferred into clean 1.5 mL tubes and centrifuged again at 10,000xg for 10 min at 40C. Next, plasma samples were diluted in Bio-Plex diluent (Bio-Rad Laboratories). Human cytokines in mouse plasma samples were detected using a Bio-Plex Pro™ Human Cytokine 27-plex Assay (#M500KCAF0Y; Bio-Rad Laboratories). Plasma samples obtained from mice that did not receive any human PBMCs or PDX implantations were also analyzed to ensure that the human antibodies did not cross-react with mouse cytokines. Human plasma samples were used as positive controls. All samples were prepared and run according to the manufacturer’s recommended instructions. Analysis was carried out using Bio-Plex Manager™ Software (Bio-Rad Laboratories).



TCR repertoire

The sequencing data for the human PBMC samples and mouse PBMC, tumor and spleen samples were analyzed using a Human reference sequence. RNA sequencing data were analyzed using a SMARTer Human TCR α/β Profiling Kit (Takara Bio). FASTQC was used to assess the quality of the data. Xenome was used to classify the sequencing data as human or mouse data. Human sequence data was only used for further analysis. MiXCR was used to align sequencing data and assemble clonotypes for the TCR repertoire. The clones corresponding to TRA and TRB chains were quantified separately. Downstream analysis of the clonotypes was performed using VDJ-tools. Analysis was done in the R computing language (version 3.6.0). Data is included in Supplemental Table 2



Statistics

Analysis of data was performed using Prism software (version 8.0; GraphPad Software). Data in different groups were analyzed using an unpaired Student’s t-tests, ANOVA, or unpaired nonparametric tests (Mann-Whitney Two Sample Test) between different groups. P values less than 0.05 were considered significant. All tumor volume change and body weight data were summarized using means ± SD. Probability of survival was calculated using the Kaplan-Meier method.

CRC PDX details. Details of PDX models used in this study are included in Supplemental Table 3




Results


Characteristics of the humanized mouse model

Patient derived xenografts were generated from CRC patient tumor biopsies or surgical samples as the first required step in establishing our patient-specific humanized model. In considering another unique aspect of this particular model, we also collected blood from the same patients to match the source of immune cells required for establishing patient-specific autologous humanized mice. Human PBMCs injections were performed by multiple cell numbers and delivery routes, all of which achieved successful engraftment. The approach ultimately selected for routine use was four million PBMCs that were recovered from cryopreservation and injected by intraperitoneal delivery (data not shown). The percentage of human PBMCs as a function of human CD45+ (hCD45+) cells in mouse blood at 3-5 weeks reached ~ 50% compared to the uninjected controls (Figure 1A and Supplemental Figure 1A), these hCD45+ engraftment frequencies varied in a time- and donor–dependent fashion. Within the hCD45+ cell population, we observed that CD3+T cells were the predominating subpopulation in the mouse circulation along with a limited number of CD19+B, CD56+NK and CD11b+/CD14+ myeloid cells remaining after the first week of PBMC injections (Figure 1B and Supplemental Figure 1B). The highest number of human CD45+ immune cells were found in the mouse spleen followed by the mouse bone marrow and then the implanted PDXs (Figure 1C). The distribution of human immune cells in circulation over a seven-week period as defined by FACS analysis of CD45+ cells peaked at 5 weeks and leveled off at 7 weeks (Supplemental Figure 1A). The human CD3+T cell subpopulation represented nearly 100 percent of all cells found in the mouse circulation represented as a percentage of the total CD45+ population with B, NK and myeloid cells ranging from near zero to 8 percent of CD45+ cells (Supplemental Figure 1B). Human CD3+ immunofluorescent staining immune cells were widely dispersed throughout in the patient xenograft of the PBMC injected but not the uninjected control mice (Supplemental Figure 1C). We also observed human B cells, and macrophages in the implanted PDXs, although in limited numbers. To determine if these engrafted human immune cells had any anti-tumor activity in the implanted PDXs, we analyzed the tumor growth curves for PBMC-injected versus non-PBMC injected mice and observed that these cells did not impact tumor growth by themselves (Supplemental Figure 1D). Mouse plasma levels of human interferon gamma revealed a direct correlation with the injection of human PBMC as a function of human CD45+ cells present (Figure 1D). Other human cytokines levels in mouse plasma also substantially correlated with hCD45+ cell engraftment, indicating that they are active and functional within a murine xenographic hematologic environment (Supplemental Figures 1E–H).




Figure 1 | Humanized mouse development and characterization (A) Human CD45+ cell% engraftment in mice 5 weeks after injection of human PBMCs. (B) Different immune cell percentages in mouse blood 5 weeks after PBMC injection. (C) Human CD45+ cell percentage in different mouse tissues. (D) Correlation between human CD45 cell percentage in mouse blood and human interferon (IFN)-γ levels in mouse plasma.





Difference in response between autologous and allogeneic models

To address the possibility that differences in immune response exist between autologous and allogeneic sample pairings we generated two different series of genetic stability models. To that end, we compared the tumor volume changes under allogeneic (un matched donor immune cells) and autologous (matched patient immune cells) conditions in five PDX models with anti-PD-1 therapy. Three were MSI-H and two were MSS models that were done in parallel using patient PBMCs or donor PBMCs. To better understand any potential therapeutic connections of our mouse models to the immunotherapy responses of our patients, PDXs were subcategorized further into anti-PD-1 responders or non-responders (Figure 2). Following this stratification, two of the MSI-H tumors segregated into the responding group (B8120 & B8114) as might be expected, whereas one of the MSI-H (B8176) segregated with the non-responding MSS tumors (C1208 & C1185). When all five sub-stratified PDXs remained void of any human PBMCs, no significant difference was observed in growth rate or volume between anti-PD-1 treated and untreated tumors (Figures 2A–E). This finding also ruled out the impact of any human immune infiltrates that may be present within the passaged PDXs. Figures 2F–J show the five PDXs under allogeneic conditions subjected to anti-PD-1 therapy. Figures 2K–O show the five PDXs under autologous conditions also subjected to anti-PD-1 therapy. Any effects on tumor growth from allogeneic PBMCs was far less predictable and was less profound in anti-PD-1 treated mice. Unexpectedly, however, MSI-H-PD-1 responsive tumors (Figures 2F, G) were less responsive to anti-PD-1 in allogeneic conditions. Furthermore, in some cases the responses seen in allogeneic models (Figure 2J) contradict with that seen in a patient. These results are consistent with the hypothesis that allogeneic sources produce nonspecific immune responses.




Figure 2 | Tumor responses to anti-PD-1 therapy under non-humanized, allogeneic, and autologous conditions. Tumor volume change [ΔV%=100*(Vt-V0)/V0] plots are shown here. (A–E) Results of anti-PD-1 therapy for five PDXs under non-humanized conditions (n=6-9 tumors/arm). (F–J) Results of anti-PD-1 therapy for five PDXs under allogeneic conditions (n=6-9 tumors/arm). (K–O) Results of anti-PD-1 therapy for five PDXs under autologous condition (n=6-9 tumors/arm). The green lines and dots represent treatment with nivolumab at 20mpk Q5D. (P, Q) Scans of the patient corresponding to the B8120 model before (P) and after (Q) immune checkpoint therapy. (R, S) Scans of the patient corresponding to the B8176 model before (P) and after (Q) immune checkpoint therapy. P values ≤ 0.001 were represented as ***.  and P values ≤ 0.01 were represented as **.



In contrast, when patient PDXs were matched with autologous PBMCs followed by anti-PD-1 therapy, the MSI-H tumors B8120 and B8114 showed the greatest overall response consistent with the corresponding patients response (Figures 2K, L). Similarly, the response to anti-PD-1 therapy in autologous models generated from non-responding patients was more consistent with the response seen in patients (Figures 2M–O). The anti-PD-1 treated PDX taken from a non-responding MSI-H patient, B8176, corresponded more accurately to what occurred in the CRC patient donor who progressed on anti-PD-1 therapy. Also and more consistent with therapeutic response to anti-PD-1 therapy commonly seen in MSS patient donors who progress on anti-PD-1 therapy, the autologous condition showed no response when similar treatments were performed in our humanized mouse models (Figures 2N, O). Our results suggest that allogeneic conditions do not represent the outcome of treatment as effectively as autologous models. Body weight changes were minimal in all mice, including non-humanized (Supplemental Figure 2A), allogeneic (Supplemental Figure 2B), and autologous condition (Supplemental Figure 2C) suggesting that this approach was well tolerated. Human immune cell engraftment percentages were also high based on hCD45+% presence in the peripheral blood before and after treatment are shown in Supplemental Figures 2D, E for allogeneic and autologous models respectively. Tumor immune infiltrates after anti-PD-1 therapy are shown in Supplemental Figures 2F, G for allogeneic and autologous models respectively.



Proof-of-concept study using humanized mouse models of CRC

In further support of autologous PBMC and PDX humanized mice being more representative of patient responses, anti-PD-1 treatment of two MSI-H tumors in mice more accurately reflected the before and after patient response by MRI in MSI-H responders (Figures 2K–L) compared to MSI-H non-responders (Figures 2M–O). Our results show a responding MSI-H PDX model B8120 (Figure 2K) and a non-responding MSI-H PDX model B8176 (Figure 2M) to anti-PD-1 therapy in an autologous setting. Radiographic scans of the patient corresponding to the B8120 model before (Figure 2P) and after (Figure 2Q) immune checkpoint therapy showing complete response, along with the scans of the patient corresponding to the B8176 model before (Figure 2R) and after (Figure 2S) immune checkpoint therapy showing a progressive disease are included here to highlight the results from our autologous mouse models and how they compare to that of the patients.



T-cell receptor repertoire in the humanized mouse model of CRC

To examine how the T-cell receptor (TCR) repertoire is altered when human T cells are injected into a murine xenographic system under autologous conditions, we performed total cross-species TCR α/β profiling to compare the clonotypes of human PBMCs in mouse tissues before injection and when dissociated from mouse tissues for two separate human tumor xenografts (B8120 and B8176) after injection. Figure 3A shows the overlap of clonotypes observed between human and mouse PBMCs. The number of TCR α chain (TRA) and TCR β chain (TRB) clones in human and mouse blood samples for models B8120 and B8176 revealed similar distributions (Figures 3B, C). When comparing clonotypes between mouse blood, tumor, and spleen samples only a small clonal population occurred between all three mouse tissues (Figure 3D). Further post-injection analysis revealed similar fluctuations between B8120 and B8176 with the highest preponderance of engraftment occurring in the spleen for both TRA and TRB clonotypes (Figures 3E, F). We observed that although the overall TCR diversity of the implanted PBMCs and persisting PBMCs in mouse samples decreased, homogeneity (overlap) of the TCR repertoire between human PBMCs and mouse tissue samples was maintained. The rearrangement patterns for the TCR chains within the TRA clones are represented in circos plots in Supplemental Figures 3A–D and those within the TRB clones are represented in circos plots in Supplemental Figures 3E–H for model B8120. Similarly, circos plots of these rearrangement patterns in model B8176 are shown in Supplemental Figures 3I–L (TRA) and 3M-3P (TRB). We observed that clones that were infrequent or undetermined in human PBMC samples appeared to be outgrown in mouse tissue samples. Decreased TCR diversity in mouse samples along (shown by fewer circumferential designations) with low overlap with human PBMC clonotypes in these samples suggested that a fraction of the T cells present at low frequencies in human blood expanded in mouse tissues. This might be the case in the complementarity-determining region TRBV5-1(orange spoke)/TRBJ1-2 (dark blue spoke) clonotype for example that is present in in all B8120 and B8176 samples. In contrast, complementarity-determining regions TRAV30/TRAJ53 were prominently present in mouse PBMC, mouse spleen and B8176 PDX tumors that were generated from MSI-H/anti-PD-1 unresponsive donor samples. The disparity of complementarity-determining regions was greater in B8120 generated from MSI-H/anti-PD-1 responsive donor samples, with no distinct complementarity-determining regions clearly observed potentially reflecting a higher neoantigen load.




Figure 3 | Comparison of human TCR sequences in human and humanized mouse samples (A) The overlap of clonotypes between human PBMCs and mouse PBMCs. (B, C) The number of TRA and TRB clones in human and mouse blood samples in the models B8120 (B) and B8176 (C). (D) The extent of overlap of clones in different mouse tissues. (E, F) Bar charts of the B8120 (E) and B8176 (F) clonotypes that are common in human PBMCs injected into mice and mouse tissues after injection.





Combination treatment strategies for MSS CRC PDXs

Because we saw synonymous responses to anti PD-1 therapy in CRC patients and their PDXs in humanized mice in the autologous setting, we next explored the viability and activity of combination treatment strategies in MSS CRC PDX models. The combination of regorafenib and nivolumab has demonstrated clinical activity, albeit modest, in MSS CRC patients (REGONIVO trial) (27, 28), whereas treatment with either agent alone has not resulted in tumor regression. Similar activity reported in abstract form has been seen with other combinations of VEGFR tyrosine kinase inhibitors and PD-1/PDL1 inhibition (29, 30). Pre-treatment and post-treatment biopsies for patients in the REGONIVO study demonstrated modulation of the percentage of T-cell infiltrates. To determine whether our models can recapitulate these clinical findings, we tested regorafenib in combination with nivolumab in the MSS CRC PDX model C1221 under autologous conditions and observed that the combination was more efficacious in reducing tumor volume than was either agent alone (Figure 4A). The human immune cell percentages in mouse blood before and after treatment are shown in Figure 4B. The percentages of CD8+ and CD4+ T cells in the blood of mice did not appear to vary with different treatments (Figures 4C, D). Assessment of tumor CD8+ and CD4+ T-cell percentages using flow cytometry revealed a trend toward a higher CD8+ T-cell percentage (Figure 4E), a significantly lower CD4+ T-cell percentages (P=0.0004, Figure 4F) and a higher CD8+:CD4+ T-cell ratio (P = 0.004, Figure 4G) in the combination arm than in the nivolumab-alone arm. CD8+ and CD4+ T-cell numbers per gram of tumor weight are shown in Supplemental Figures 4A, B. We observed increased total cleaved caspase 3 positivity in the regorafenib-alone (significantly, p=0.017) and combination (P=0.174, Figure 4H) groups than in the nivolumab-alone group. We also analyzed tumor CD3+, CD4+, and CD8+ T-cell and FOXP3+ cell percentages via immunofluorescence staining (Figures 4I–L). Furthermore, our analysis shows how the total cell percentage was distributed within the intratumoral (Supplemental Figures 4C–F) stromal (Supplemental Figures 4I–L) and tumor compartments. We observed a slight down modulation in the distribution of CD4+ T-cells (Supplemental Figure 4K), and nuclear FOXP3+ cells (Supplemental Figure 4L) within the stromal compartment of the tumors in the combination treatment arm. We also saw a reduction in the distribution of the number of CD4+ T-cells with combined treatment with regorafenib and nivolumab in this model, which was consistent with the findings in reported studies (27).




Figure 4 | Results of anti-PD-1 and regorafenib combination therapy for MSS CRC model (A) Tumor volume change [ΔV%=100*(Vt-V0)/V0] plots for the C1221 model engrafted with autologous PBMCs and given treatment with nivolumab and regorafenib (n=4-8 tumors/arm). (B) Human hCD45+ cell percentages in mouse blood before and after the experiment. (C, D) Percentages of CD8+ (C) and CD4+ (D) T cells (percent of CD45+ cells) in mouse blood at the experimental end point. (E, F) Tumor CD8+ (E) and CD4+ (F) T-cell percentages determined using flow cytometry (percent of CD45+ cells). (G) Tumor CD8+:CD4+ T-cell ratios. (H) Cleaved caspase 3+ cell percentages in tumors assessed using immunohistochemistry. (I) Results of Immunohistochemical analysis of CD3+ T cells in tumors. (J, K) CD8+ (J) and CD4+ (K) T-cell percentages in tumors. (L) Nuclear FOXP3+ cell percentages in tumors assessed using immunofluorescent staining. The green lines and dots represent nivolumab-based treatment (every 5 days, 20 mpk), the blue lines and dots represent regorafenib-based treatment (everyday, 10 mpk), and the red lines and dots represent combination treatment. All P values ≤ 0.05 were represented as *, P values ≤ 0.01 were represented as **, P values ≤ 0.001 were represented as ***, and P values ≤ 0.0001 were represented as ****.



We further explored other immune cell markers with multiplexing immunofluorescence to identify other immune cell infiltrates in the PDXs. Notably; we identified CD20+ B cells and some myeloid cells in the mouse tumors even though the percentages of these cells in the blood of the mice were at most minimal. In the case of B cells, we observed a trend toward a higher percentage (Supplemental Figure 4M) and a significantly lower percentage of macrophages (P=0.013, Supplemental Figure 4N) in the stromal compartment in the combination group than in the nivolumab-alone group. Supplemental Figure 4O shows that combining anti-PD-1 therapy with a reduced regorafenib dose (50% lower than the clinically tested dose) resulted in a markedly lower tumor volume than did single-agent treatments in the MSS CRC PDX model C1211.



Graft-versus-host disease onset and window of treatment in PBMC humanized mice

Though this humanized PBMC mouse model provides co-clinical experimental advantages when compared with humanized CD34+ model, with quick engraftment times and requiring few milliliters of patient blood, it does present with the limitation of graft-versus-host disease (GVHD) onset as a function of enrichment in engrafted human T cells. As in other transplant models, onset of GVHD in the model we used in the present study has been attributed to the expansion of human T cells that are reactive to murine tissues and actively target mouse cells (31–33). We used a scoring system to assess the extent of GVHD in our model. The scoring criteria for GVHD that we used were based on weight loss, hunched posture, poor fur texture, diminished skin integrity, and diarrhea based on previous studies (34). Figure 5A shows survival curves for mice based on their GVHD scores. Acceptable body weight loss and other symptoms suggested that the window of treatment could be within 45-50 days after PBMC injection, with mice with higher GVHD scores having higher mortality rates. We observed considerable differences in the survival curves for mice that received 1-5 million PBMCs and those that received 10 million PBMCs (Figure 5B), suggesting that injecting low cell numbers can delay the impact of GVHD in these mice. GVHD progression in mice skin and liver with human CD3+ cell infiltration are shown in Figures 5C, D. We also observed that as the percent human cell engraftment in these mice increased their survival times decreased (Figure 5E), possibly due to a predominance of T cells in these mice leading to the onset of GVHD and manifestations of cytokine storm (35). Because GVHD can have a significant impact on mouse health, we sought to determine if GVHD by itself causes changes in tumor volume in these mice. Figure 5F shows that the human CD45+ cell percentages in mouse blood were not correlated with their tumor volume change percentages. This suggests that onset of GVHD alone does not cause a reduction in tumor volumes in anti-PD-1 antibody treated mice, attributing any changes seen in tumor volume to the anti-tumor activity of T cells.




Figure 5 | GVHD onset and the window of treatment (A) Survival curves for mice based on their GVHD scores. (B) Survival curves for mice that received different numbers of PBMCs. (C, D) Stains showing the level of infiltration of human CD3+ cells into mouse skin (C) and liver (D) samples at different stages of GVHD. (E) The correlation between the hCD45 cell percentage in mouse blood at 5 weeks after injection of PBMCs and survival time in mice. (F) The correlation between the hCD45 cell percentage in mouse blood at the experimental end point (at 5 weeks after injection of PBMCs) and percent tumor volume change in anti-PD-1 antibody-treated mice.






Discussion

The use of humanized mouse models for immuno-oncology research is emerging as a way to help interrogate and manipulate human immune function in a complex immune compromised organism. This area of research has benefitted from the development of a variety of immunocompromised mouse strains genetically engineered to support specific immune function or immune cell type behavior (36, 37). Studies reported in the literature have used mouse models generated from human CD34+ cells and PBMC sources to evaluate tumor-immune responses with different immunotherapeutic agents (38–41). Humanized mouse models on a BALB/c-Rag2nullIl2rγnullSIRPαNOD 9B (BRSG) background demonstrated human immunity and PD-1-expressing T cells, thereby, providing the basis for pre-clinical immunotherapy studies (23). NSG-beta2m(-/-) that lack Prkdc gene, the X-linked Il2rg gene and the B2m gene have also been used to support PBMC growth to test Bintrafusp alfa (M7824) a bifunctional fusion protein composed of the extracellular domain of the TGF-betaRII to function (42). We have tested multiple immunocompromised strains in support of our patient PBMC growth to settle upon the use of unconditioned NSG (NOD.Cg-PrkdcscidIl2rgtm1Wjl/SzJ) mice as balanced against closely monitored GVHD (34), which provided a very workable window of treatment of 45-50 days. The advantage of using PBMCs to generate a humanized mouse model over other sources is that this model enables rapid engraftment and enriches for human CD3+ T-cell engraftment, which is ideal for T cell-mediated tumor regression studies (43, 44). However, most of the currently available humanized mouse models of cancer have some degree of allogeneic response due to partial or complete mismatch of the implanted human tumors and injected immune cells. This led to our development of an autologous humanized mouse model of CRC using patient PBMCs to address this gap.

In our humanized PBMC mouse model, engrafted T-cells were functional, with the ability to produce cytokines. In addition, the T-cell clonotypes originally seen in human PBMC sources were retained in this mouse model, and our TCR profiling showed that some T-cell clones are shared by mouse blood and PDXs whereas others are expanded only in PDXs, suggesting that these clonotypes could be specific against tumors. Clonotype-driven responses are critical to understanding the underlying biology of immune responses (45). This seems to be particularly true of cancer immunobiology whereby TCR profiling can help determine the differences between immune tissues, circulating or tumor infiltrating lymphocytes and responses to checkpoint inhibitor responses. In one study TCR β chain complementarity-determining regions in non–small cell lung cancer (NSCLC) treated with checkpoint inhibitors can help determine the degree of overlap of the TCR repertoire between tumor-infiltrating lymphocytes and circulating PD-1+CD8+T cells to determine the shared TCR clones. The resulting TIR index correlated with response and survival outcomes of anti–PD-(L) 1 treatment (46). Other complementarity-determining regions TRBV2/TRBJ1-2 and TRBV2/TRBJ1-1 have been reported before as potential prognostic markers in the case of papillary thyroid cancers (47). These studies focused on TCR-B signatures, which may be more reflective of the infiltrating T-cell clonotypes, much like our results showing complementarity-determining region TRBV5-1/TRBJ1-2 clonotype that is present in all B8120 and B8176 samples. Therefore, this T cell immune recognition could be a potential mechanism by which tumor growth reduction occurs in such autologous models. Moreover, the diversity of TCRs decreased in the mouse samples with expansion of clones that were present at lower frequencies in the human PBMC samples. These results are similar to reductions in TCR diversity 14 days after transplantation in comparison to TCR diversity at the initial infusion of allogeneic PBMCs that was dependent on the HLA status of the mouse background strain, either an NSG or an NSG-HLA-A2/HHD (48). Allogeneic PBMCs in these studies were paired with luciferase-expressing THP-1 cells to evaluate graft-versus-leukemia soluble tumor effects and revealed a greater anti-tumor effect on the NSG-HLA-A2/HHD vs the NSG mouse strain (48). In our case the unconditioned NSG mouse background did not seem to influence our autologous pairings, which maintained the PD-1 response profile exhibited by the patient tumors.

Most current approaches to humanization of mice and models used for immuno-oncology are limited by access to patients and matching immune cells. As a result, the models rely on very limited human leukocyte antigen matching for CD34+ cell implantation at considerable expense and with limited reproducibility. Moreover, the major drawback of using some of these models may arise from the allogeneic responses resulting from the unmatched human immune cells and human tumors, which are by their very nature more difficult to predict than autologous responses. When we performed a head-to-head comparison between matched patient PDX and autologous PBMCs versus unmatched allogeneic tissues in humanized mice the allogeneic responses were less predictable. When we sub stratified our findings based on donor responses to checkpoint inhibitors, autologous models with anti-PD-1 therapy more closely reflected the patient responses. These comparable responses in our autologous PDXs and their corresponding patient tumors suggests concordance and reliability of the model in predicting cancer responses to immunotherapy. We have previously observed concordance between responses in pre-clinical PDX and clinical trial observations in both immune and non-immune approaches (23, 25). In the present study, we observed that this concordance was lacking in our allogeneic models. Our proof-of-concept results regarding anti-PD-1 therapy in the MSI-H and MSS PDXs demonstrate that tumor responses to this therapy differ in the allogeneic and autologous settings. The responses seen in most PDX models under allogeneic conditions do not reflect those seen in the corresponding patients. Using PBMCs isolated from CRC patients, we showed in the present study that our autologous models could capture responses based on the patients’ immune potential, T-cell recognition status and clinical responses that can potentially serve as a personalized co-clinical approach or tumor subclass analytical tool.

As the majority of CRCs are MSS and fail to show any clinical benefit with immunotherapy, they are ideal for generation of models for use in pre-clinical trials of new agents administered alone and in combinations. Modulation of immuno-suppressive cells is being explored to overcome the limited efficacy of immunotherapy for MSS CRC. Regorafenib is a multi-kinase inhibitor that targets various receptor tyrosine kinases, and research has shown that it can reduce the number of immunosuppressive regulatory T cells and tumor-associated macrophages (27, 28). This led us to explore combination anti-PD-1 therapy with regorafenib in our humanized models with MSS CRC PDXs. Similar to early results reported with this combination in patients and similar results recently presented for other VEGFR tyrosine kinase inhibitors and anti-PD-1 combinations, we observed considerably greater tumor volume reduction with the combination of regorafenib and nivolumab than with either agents alone in our models C1221 and C1211 (29, 30, 49). In addition, flow cytometry and immunofluorescent analysis of tumor samples demonstrated a significant reduction in the percentage of CD4+ T cells along with Arginase-1+ cells/macrophages in the tumors in the combination treatment arm than in the nivolumab-alone arm. This is consistent with paired biopsy findings from the clinical trial, further highlighting the applicability and benefits of such autologous humanized mouse models in understanding how immune cells are modulated by a given therapy. Future studies focusing on combining VEGF and anti-PD-1 combinations using these mouse models can provide insights on tumor immune microenvironment changes.

One of the limitations of the present study is the use of patient PBMCs to populate the mouse immune system, where most of the cells are already differentiated and mature. Others have noted that while differences may be observed in some myeloid and B-cell lineages using NSG-beta2m(-/-) mice at the time of injection, appropriate freeze/thawing of adoptively transferred cells prior to injection does not appear to change survival or phenotypes of T-cells post engraftment (42). Similarly, our method using unconditioned NSG to support lymphoprep prepared PBMCs from whole blood and cryopreserved in contrast to using patient-isolated CD34+ cells, predominantly enriches in T cells and is less supportive of other immune cell types in the circulation. However, our results showed that other immune cell types could also engraft and infiltrate tumors. Furthermore, we observed that these infiltrated immune cell types and their numbers can be modulated with anti-PD-1 combination therapy. The infiltration of myeloid cells and their modulation in these humanized mouse tumors with therapy is a novel observation. Mouse models generated using CD34+ cells have proven to be beneficial in studies requiring T-cell priming and in vaccine studies, and they have the advantage of including most if not all immune cell lineages (39, 50). However, autologous modeling requires isolation of CD34+ cells from cancer patients through invasive procedures such as bone marrow biopsies and leukapheresis, which are not routinely feasible. Given the complexity of the procedures and safety concerns that arise in isolating hematopoietic stem cells from cancer patients, we believe that the present humanized PBMC model is the most practical option for studies of immuno-oncology. The ability to generate humanized mice with minimal peripheral blood volumes also makes it feasible. The use of newly available mouse strains with expression of human cytokines or those lacking mouse major histocompatibility proteins could potentially improve support of engrafted immune cells but our therapeutic window was adequate when balanced against autologous PDX growth. However, we are aware of the bias of the results generated from established PDXs over those models that were not established.

Another limitation of the PBMC-humanized mouse model is the development of GVHD within 5-8 weeks (51). The onset of GVHD has been attributed to expansion of the population of human CD8+ T cells that actively target mouse cells via recognition of the major histocompatibility complex I proteins on mouse cells (31–33). Our results from using different PDX models suggest that we can delay the onset of GVHD by reducing the number of PBMCs injected to generate this model. We found that immune cells from different donors have varying engraftment rates even when the same numbers of cells were injected, with some donor cells engrafting at a higher rate than others and exacerbating GVHD. To determine if a large increase in the number of human immune cells in mouse blood can cause tumor volume regression, skewing our observed results, we looked at the correlation between the hCD45+ cell percentage in mouse blood at the experimental end points and the changes in the tumor volumes of mice given anti-PD-1 therapy. We did not observe an obvious correlation between them, suggesting that high numbers of human cells did not cause a reduction in tumor volume. This observation that T cells are not active toward the tumor with anti-PD-1 treatment despite heavy T-cell infiltration (~60%) suggests that the T-cell responses toward the tumor are very specific.

Overall, these autologous humanized mouse models provide the opportunity to perform immediate short-term studies that can reduce the time of pre-clinical efforts with more reliable patient specific tumor responses that have the potential to better inform therapeutic options when compared with allogeneic models. These results are essential to developing and building up-on these models for future drug combination and efficacy studies. Furthermore, these PDXs were generated from late-stage metastatic CRC patients who have already undergone first- and second-line therapy. The efficacy readouts for novel therapies will indeed reflect the potential of these therapies in CRC patients whose disease does not respond to standard-of-care treatment. These models also provide considerable diversity as they originate from tumors with different mutational statuses that we expect to see reflected in a diverse patient population.
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Background

Patient-derived xenograft (PDX) models have shown a great efficiency in preclinical and translational applications. Gastrointestinal (GI) tumors have a strong heterogeneity, and the engraftment rate of PDX models remarkably vary. However, the clinicopathological and molecular characteristics affecting the engraftment rate still remain elusive.



Methods

A total of 312 fresh tumor tissue samples from patients with GI cancer were implanted into immunodeficient mice. The median follow-up time of patients was 37 months. Patients’ characteristics were compared in terms of PDX growth and overall survival. PDX models of 3-6 generations were used for drug evaluation.



Results

In total, 171 (54.8%, 171/312) PDX models were established, including 85 PDX models of colorectal cancer, 21 PDX models of esophageal cancer, and 65 PDX models of gastric cancer. Other than tumor site, histology, differentiation degree, and serum alpha-fetoprotein (AFP) level, no significant differences were found between transplantation of xenografts and patients’ characteristics. For patients who had undergone neoadjuvant therapy, the incidence of tumor formation was higher in those with progressive disease (PD) or stable disease (SD). In gastric cancer, the results showed a higher transplantation rate in deficient mismatch repair (dMMR) tumors, and Ki-67 could be an important factor affecting the engraftment rate. The gene mutation status of RAS and BRAF, two important molecular markers in colorectal cancer, showed a high degree of consistency between patients’ tumors and PDXs. However, no significant effects of these two mutations on PDX engraftment rate were observed. More importantly, in this study although KRAS mutations were detected in two clinical cases, evident tumor inhibition was still observed after cetuximab treatment in both PDX models and patients.



Conclusion

A large-scale PDX model including 171 cases was successfully established for GI tumors in our center. The relationship between clinicopathological and molecular features and engraftment rates were clarified. Furthermore, this resource provides us with profound insights into tumor heterogeneity, making these models valuable for PDX-guided treatment decisions, and offering the PDX model as a great tool for personalized treatment and translation research.
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Introduction

Animal tumor model is an effective tool for preclinical efficacy and toxicity evaluation of antitumor drugs, and it can also be used to screen molecular markers related to drug efficacy prediction. Patient-derived tumor xenograft (PDX) model is an animal tumor model that is established by the engraftment of human tumors into immunodeficient mice, maintaining the characteristics of tumors. It has been proved as an effective tool for tumor biology research and for the efficacy evaluation of antitumor drugs in various tumors (1, 2). To date, several PDX models were presented for gastric cancer covering common pathological types, alpha-fetoprotein (AFP) secretion type and human epidermal growth factor receptor 2 (HER-2)-positive gastric cancer, which provided a promising tool for translation research of gastric cancer (3–5). The clinicopathological and molecular characteristics of PDX models of gastric cancer have been confirmed to be highly consistent with those of human models (6), indicating their important role in the evaluation of drug efficacy.

There were an estimated 3.5 million people who were newly diagnosed with gastrointestinal (GI) cancer, which led to the death of 2.2 million people globally in 2020 (7). Different types of GI cancer share similar endodermal developmental origins, display a spectrum of common molecular features and expose to common attacks (8). An enormous progress has been made in the last half-century in the development of non-surgical treatments. However, it is still essential to find out new biomarkers for more precisely targeting tumors. Until 2010, our team has attempted to develop PDX models for GI tumors (6, 9). Over the recent decade, based on the international modeling consensus and our team’s experience, a standardized procedure was developed for surgical sampling, specimen transfer, transplantation and tumor inoculation, cryopreservation, and resuscitation. To date, we have established nearly two hundred PDX models using tissue samples, and a number of them have been utilized for the preclinical evaluation of anticancer agents (3, 10–16).

In the present study, we analyzed clinical parameters that were associated with the engraftment rate of PDXs from patients with GI cancer to identify factors that could improve engraftment rate. We also established and assessed several PDX models to show their significance in clinical practice.



Materials and methods


Patients and samples

312 fresh gastrointestinal tract tumor samples from patients diagnosed with gastrointestinal tract cancer in Department of Surgical Oncology, The First Affiliated Hospital, College of Medicine, Zhejiang University were collected from January 2015 to February 2019 for the establishment of PDXs, including surgically resected specimens, endoscopic biopsy samples and needle biopsy samples. The clinical data were collected from patient records. The tumors were staged according to the eighth edition of AJCC/UICC TNM staging system. Follow-up data were obtained by phone, letter, and the out-patient clinical database (last follow-up was September 2021, median follow-up time was 37 months) and follow-up information were available in 284 patients. The overall survival (OS) time was calculated from the date of diagnosis to the last day of follow-up or the date of death. Patients derived paraffin-embedded tissue samples were used in accordance with ethical guidelines in the First Affiliated Hospital, School of Medicine, Zhejiang University (No.2018-378 and IIT20221079A). All study participants had provided informed written consent before any experiments.



PDX establishment

Four-to-six-week-old female BALB/c nude mice, purchased from Shanghai Slac Laboratory Animal Corporation (Shanghai, China), were housed with regular 12-hour light/12-hour dark cycles for at least three days before use. Ambient temperature was 20 ~ 22°C, kept at constant humidity of 40 ~ 60%. PDX models were established as in Figure 1A. Fresh tumor samples from patients were transported to the laboratory in complete medium (RPMI 1640 medium supplemented with 20% FBS and 0.05% penicillin/streptomycin solution) in an ice bath immediately after resection. Then tumors were transferred to a sterile Petri dish containing complete medium. Thin slices of tumor were diced into 2×2×2 mm3 pieces and washed thrice with complete medium. Under anesthesia with isofluorane, tumors were implanted into BALB/c nude mice by a small incision and subcutaneous pocket made in one side of the lower back in which one tumor piece is deposited in the pocket. While the pocket was still open, one drop of 100× penicillin/streptomycin solution was placed into the opening. We monitored xenograft growth at least twice weekly by vernier caliper measuring the length (L) and width (W) of the tumor and then removed them for serial transplantation after the volume reached about 1000 mm3 (Figure 1B). The tumor volume (V) was calculated according to the following formula: V= L×W2/2. Tumors were passaged no more than six times. Numerous samples from early passages were stored in the tissue bank and cryopreserved in liquid nitrogen, and used for further experiments (Figure 1C). Animal care and experiments were performed under the approval and supervision of the Animal Experimental Ethical Inspection of the First Affiliated Hospital, College of Medicine, Zhejiang University (No.2018-378).




Figure 1 | Establishment and application of patient-derived xenografts (PDXs). (A) Schema for the establishment of PDX models. (B) Representative PDX models and histology of paired patient-PDX tumors. (C) Engraftment rate of gastrointestinal cancers and applications of PDX models.





Drug sensitivity analysis

We used xenografts from the third to seventh generation for the experiments once the tumor volume reached about 150–200mm3. In vivo experiments were performed to evaluate the chemosensitivity, as well as the antitumor activity of several targeted drugs, including: trastuzumab, cetuximab, apatinib and bevacizumab. Experiments were ended once the tumor volume surpassed 1500mm3 or mouse weight loss reached 20%. The percentage of tumor growth inhibition (TGI) was calculated according to the following formula: TGI = (1 − T/C) × 100%, where T/C represents the relative tumor volume of treatment group and control group. After the mice had been killed, we conducted immunoblot to assess the expression of various markers.



Mutational analysis for RAS and BRAF

All the samples from patients and PDXs were fixed with formalin and embedded in paraffin. To detect RAS/BRAF mutations, the AmoyDx KRAS/NRAS/BRAF Mutations Detection Kit (AmoyDx, Xiamen, China) approved by the China Food and Drug Administration (CFDA) was used. Based on Amplification Transformation System (ARMS) technology, the study was conducted in an accredited laboratory.



Statistical analysis

The differences between two categorical variables were examined by Pearson’s Chi square test and Fisher’s exact tests where appropriate. Two continuous variables were compared using unpaired t-test. Non-parametric variables were compared using the Mann–Whitney test. The assumptions required to interpret the statistics have been verified using F test and QQ-plots. P < 0.05 was considered statistically significant. Statistical analysis was performed using SPSS 23.0 software.




Results


Patients’ characteristics for PDX establishment

We collected 312 fresh tumor samples from patients who were diagnosed with GI cancer (including esophageal cancer (n=35), gastric cancer (n=164), and colorectal cancer (n=113)) between 2015 and 2019, and implanted them into immunodeficient mice (BALB/c nude mice) to generate PDX models. Among 312 patients, there were 205 (65.7%) male patients, and their median age at diagnosis was 61.82 (range, 17-91) years old. Besides, 281 (90.1%) patients had primary tumors, and the remaining nine (9.9%) patients had recurrent tumors; 53 (18.9%) metastatic tumors were collected as well. Most of these specimens were obtained by surgery (289/312, 92.6%), and samples from some patients who could not undergo surgery due to the advanced tumor stage were obtained by endoscopy (9/312, 2.9%) or needle biopsy (14/312, 4.5%). There were 12 (3.8%) cases of well differentiation, 106 (34.0%) cases of moderate differentiation, and 193 (61.9%) cases of poor differentiation. Other detailed information of patients and tumor samples are summarized in Table S1.



The characteristics of patients and tumors for successful growth of PDX models

PDX models were successfully generated from 171 tumor implants and were passaged for 2-6 generations. The histopathological morphology of tumor in experimental mice was consistent with the original pathological diagnosis (Figure 1B). The time from the implantation of fresh specimens to the first passage (maximum tumor volume, 1000 mm3) was 1-4 months, with an average time of 2.6 months. The overall engraftment rate was 54.8%.

We then analyzed clinical characteristics that affected the engraftment rates of specimens. Univariate analysis showed that several factors were significantly associated with the engraftment rate (P < 0.05, Table 1 and Figure 2). Colorectal cancer showed a higher engraftment rate (75.2%) compared with esophageal cancer (60.0%) or gastric cancer (39.6%). Squamous cell carcinoma had a higher engraftment rate (63.6%), while signet ring cell carcinoma (SRCC) had a lower engraftment rate (25.9%) compared with adenocarcinoma (56.9%) or other histological types (50.0%). Moderately differentiated tumors had a higher engraftment rate (73.6%) compared with well-differentiated (33.3%) or poorly differentiated (46.1%) tumors. In contrast, neoadjuvant therapy was found to have no significant effect on tumor engraftment rates. However, as for patients who had received neoadjuvant therapy, the engraftment rate of progressive disease (PD) or stable disease (SD) specimens was significantly higher than that of partial response (PR) specimens (65.4% vs. 29.4%, P = 0.021, Figure 2A).


Table 1 | Clinicopathological factors related to PDX establishment.






Figure 2 | Demographic and clinical parameters associated with engraftment of gastrointestinal tract cancer patient-derived xenografts. (A) Clinicopathological factors related to PDX establishment. (B) Clinicopathological factors related to esophagus cancer PDX establishment. (C) Clinicopathological factors related to gastric cancer PDX establishment. (D) Clinicopathological factors related to colorectal cancer PDX establishment. (ADC, adenocarcinoma; SCC, squamous cell carcinoma; SRCC, signet ring cell carcinoma; PR, partial response; PD/SD, progressive disease or stable disease; EC, esophagus cancer; GC, gastric cancer; CRC, colorectal cancer).



We further analyzed the differences between transplantation rate and clinical characteristics in esophageal cancer, gastric cancer, and colorectal cancer separately. In esophageal cancer, smaller tumors and ulcerative type tumors had a higher engraftment rate (Figure 2B and Table S2). In addition, samples from recurrent tumors tended to have a higher engraftment rate (60.0% vs. 37.6%) in gastric cancer (Figure 2C and Table S3). Specimens from male patients (80.9% vs. 66.7%), ulcerative type tumors (80.6% vs. 65.9%), poorly and moderately differentiated tumors (75.0% and 78.1% vs. 25.0%) seemed to have a higher engraftment rate (Figure 2D and Table S4) in colorectal cancer.



Molecular parameters for successful establishment of PDX models

Subsequently, we analyzed the relationship between the engraftment rate and some tumor biomarkers, including serum tumor markers (AFP, carcinoembryonic antigen (CEA), cancer antigen 199 (CA199), and cancer antigen 125 (CA125)), immunohistochemical markers (Ki-67, HER-2, and MMR status), as well as the mutational status of RAS and BRAF genes, and molecular therapeutic targets of colon cancer. The results showed that serum tumor biomarkers were not associated with the successful establishment of PDX models except for AFP (P = 0.021, Table 1). For Ki-67, we found that a high Ki-67-positive rate (>60%+) was associated with a higher engraftment rate than a low Ki-67-positive rate (45.7% vs. 24.0%, P = 0.081, Table 1). Transplantation rates of samples from deficient mismatch repair (dMMR) tumors were higher than those from proficient mismatch repair (pMMR) tumors both in gastric cancer (83.3% vs. 23.1%, P =0.041, Figure 2 and Table S3) and colorectal cancer (100% vs. 73.2%, P =0.166, Figure 2 and Table S4). As for the important therapeutic target HER-2 in gastric cancer, the correlation between HER-2 status and PDX engraftment was not identified (Table S3). Besides, 46 PDX tissues of colorectal cancer were detected with the mutation status of RAS/BRAF genes, including 24 patients with RAS mutation and five patients with BRAF mutation. The correlation between mutation status and PDX engraftment rate was not found. There was also no significant association between RAS mutation and survival outcomes. The detailed mutation data of the 46 colorectal cancer-associated PDX models are presented in Table S5.



Application of individualized therapy in the PDX models

One of the most important elements to evaluate the PDX models is the therapeutic response. In present study, we present two representative colon cancer patients with KRAS mutations who received individualized therapy using the PDX models. The detailed data of these two patients are shown in Table S6.

Case 1 (No. CoZ0116) was first diagnosed with colon cancer in October 2015. After seven cycles of neoadjuvant therapy (mFOLFOX6 + bevacizumab), surgical treatment was performed. Postoperative pathology indicated PR, and chemotherapy with mFOLFOX6 regimen was continued postoperatively. However, in September 2016, the patient was diagnosed with a single liver metastasis and received the second surgery. After surgery, establishment of the PDX model was performed on liver metastatic specimens obtained by surgery. Drug sensitivity results showed that cetuximab, irinotecan, and 5-fluorouracil (5-FU) were sensitive (Figure 3A). According to the guideline of colorectal cancer, the patient was treated with FOLFIRI regime for 11 cycles due to the mutation of RAS gene. Regrettably, the patient presented with lung metastasis in September 2017. According to the PDX sensitivity results and the patient’s willingness to refuse intravenous chemotherapy, we selected cetuximab + capecitabine as an advanced line of treatment. Importantly, the patient’s lung metastases were controlled and a progression-free survival (PFS) of 6 months was achieved (Figures 3B, C).




Figure 3 | Therapeutic response of PDX models and corresponding patients. (A) In vivo drug sensitivity of Case 1 with KRAS mutation using PDX models. (B) Imaging changes of lung metastasis during treatment in Case 1. (C) Changes of serum tumor markers during treatment in Case 1. (D) The first in vivo drug sensitivity of Case 2 with KRAS mutation using PDX models. (E) In vivo drug sensitivity of Case 2 with KRAS mutation using PDX models after recurrence. (F) Imaging changes of liver metastasis during Ftreatment in Case 2. (G) Changes of serum tumor markers during treatment in Case 2.



Another patient (Case 2, CoY0011) was a 57-year-old man who first diagnosed with colon cancer in September 2015 and received surgical treatment. PDX model was successfully established after surgical treatment and tissue samples were obtained. Drug sensitivity test was initially conducted and showed that all groups, except for the apatinib group, inhibited tumor growth compared with control group that did not receive drug treatment (Figure 3D). According to the patient’s tumor stage and guidelines, the patient received FOLFIRI chemotherapy. No local recurrence or distant metastasis were found during the following 1 year’s periodic re-examinations. In September 2016, the patient was admitted to our hospital because of decreased appetite with fatigue and bone pain. Imageological examination and levels of serum tumor biomarkers both suggested the possibility of liver and bone metastases. In order to find out a better treatment plan, we resuscitated the PDX model and conducted drug sensitivity test again (Figure 3E). SOX (oxaliplatin + S-1) + bevacizumab was selected according to the results of two drug sensitivity tests. After four cycles of SOX + bevacizumab treatment, the levels of serum tumor biomarkers slightly decreased. In November 2016, the patient developed peritoneal metastasis, which revealed that our patient did not respond well to these therapeutic regimens. The antitumor effect of cetuximab was confirmed in both drug sensitivity tests, even though the patient had RAS mutation (Figures 3D, E). The patient was subsequently treated with cetuximab in combination with chemotherapy and achieved a PFS of 4 months (Figure 3G). Figure 3F shows the radiographic changes during cetuximab treatment.




Discussion

The incidence of GI cancer is still increasing gradually, which is an important cause of cancer-related death (7). To date, several drugs have been presented for GI cancer with a certain efficacy. However, due to the strong individual heterogeneity, personalized precision treatment is still a favorable alternative for physicians and patients. The in vitro tumor model has been used as a standard tool for preclinical antitumor drug research, while the high failure rate of drugs has questioned the prediction ability of this traditional tumor model. Compared with the in vitro tumor model, the PDX model can better maintain the histopathological, genetic, and phenotypic characteristics of the tumor tissue, leading to enhance the prediction of the drug response (9, 17, 18). In recent years, a large number of PDX models have been established in various tumors, including gastric cancer (11, 16, 19), colorectal cancer (20), lung cancer (21), cervical cancer (22), etc. The PDX models have gradually become an effective tool for tumor biology research and anti-tumor drugs’ efficacy evaluation. However, the PDX models have not been widely used in clinical practice, mainly due to the instability of establishing PDX models.

Several factors including technicians’ skills contribute to the engraftment of PDX models. In our study, sample inoculation was initially carried out by five laboratory staff with at least 1 year of experience, minimizing the difference in engraftment rate. The successful establishment of PDX models can be influenced by experimental, clinicopathological, and molecular parameters. To date, few studies have reported the factors influencing engraftment rate of PDX models for GI cancer separately. Zhu et al. found no significant difference between transplantation rate and clinicopathological characteristics except for chemotherapy for gastric cancer (19). However, Zou et al. reported that transplantation rates of biopsied samples from stage III or IV (17.7%, 22/124) were significantly higher than those from early stage (0, 0/19, P < 0.05) in esophageal cancer (23). In colorectal cancer, a significantly higher successful PDX establishment rate was found in liver metastatic specimens than that in primary specimens (N=26; 76.7% vs. 57.7%). No clinicopathological features led to significant differences in the PDX establishment rate for metastatic colorectal cancer (20). However, no study has regarded GI tumors as a whole to study factors influencing PDX engraftment rate.

In our study, we identified a number of these factors associated with PDX engraftment. Colorectal cancer showed a higher engraftment rate (75.2%) compared with esophageal cancer (60.0%) or gastric cancer (39.6%). The results revealed that there were significant differences in the tumor engraftment rate of diverse digestive tract tumors. Among them, engraftment rate of stomach was the least, which could be related to the high heterogeneity of gastric cancer. Squamous cell carcinoma had a higher engraftment rate (63.6%), while SRCC, which is more common in gastric cancer, had a lower engraftment rate (25.9%). It is noteworthy that it is easier to establish a PDX model for moderately differentiated tumors than for poorly differentiated and well-differentiated tumors. It could be related to the fact that mesenchymal cells are less essential in moderately differentiated tumors than poorly differentiated tumors, while the tumor load in well-differentiated tumors might be extremely low to engraftment in PDX models. For instance, a previous study reported that poorly differentiated adenocarcinoma required the use of transforming growth factor-β (TGF-β) during stromal response, whereas human TGF-β may not interact with mouse stromal cells (24). In addition, we found that for patients who had received neoadjuvant therapy, the tumor engraftment rate of PD or SD specimens was significantly higher than that of PR specimens (65.4% vs. 29.4%, P = 0.021, Figure 2). This may explain the influence of the degree of malignancy of tumor on the tumor formation rate of PDX. In addition, PDX can be established for drug sensitivity test to screen effective drugs for patients who have failed in conventional neoadjuvant therapy. Another important finding is that although SRCC is considered a histological type with a highly malignant biological behavior (25–27), it has a significantly lower engraftment rate than other histological types in our study. The unique biological feature of SRCC is associated with the production and accumulation of abundant mucins in the cytoplasm and plasma membrane. Murakami H et al. found that their newly established SRCC cell lines grew retarded in vivo in nude mice and found inflammatory responses around subcutaneous tumors, possibly in response to extracellular mucin secretion. It suggested that this may not only be related to the low growth rate of the tumor cells, but also the inflammatory or immune responses of macrophages and natural killer cells to the host (28). We also considered that the low PDX engraftment rate of SRCC might be correlated with it.

The predictive value of data obtained from PDX-based studies in biomarker analysis is highly valuable for the PDX modeling in cancer research. Previous researches demonstrated that PDX models are biologically and genetically similar to primary tumors (29, 30). Our study mainly concentrated on some molecular characteristics related to prognosis and treatment, such as Ki67, HER-2, RAS, BRAF, and MMR status. Ki67 is widely recognized as a proliferation index, which is expressed in the cell nucleus during mitosis. Our data showed that a strongly positive Ki-67 could be correlated with a high engraftment rate. One possibility for the higher engraftment rate is that when tumor tissue samples are implanted into immunodeficient mice, cells with strongly positive Ki-67 own high proliferation capacity. Similar results were also reported in PDX models of other types of cancer (31–34). Besides, our results showed that a higher engraftment rate was observed in dMMR tumors, while no significant association was observed between other important gene mutations (e.g., KRAS and BRAF mutations) and engraftment rate.

Another approach to determine the value of PDX models in cancer research is analyzing the predictive value of the data obtained from PDX-based studies with consideration of drug efficacy and patient outcome. KRAS and BRAF are two downstream molecules of epidermal growth factor receptor (EGFR) and play important roles in EGFR signaling cascade. Activating mutations in KRAS exon 2 can induce infinite proliferation of tumor cells, thereby freeing the pathway from the control of EGFR (35, 36). The mutation status of RAS and BRAF genes is considered to be of great significance in guiding the treatment and predicting the prognosis of colorectal cancer patients (37–41). The development of cetuximab, a mouse/human chimeric monoclonal antibody against EGFR, bring new expectations to patients. The guidelines and studies generally recommended cetuximab therapy only to patients with RAS and BRAF wild-type colorectal cancer (42). In previous clinical studies, cetuximab had a significantly lower overall tumor response rate in patients with RAS mutation than in patients with RAS wild-type colorectal cancer. However, few patients with PR or CR were reported, which could be related to the heterogeneity of the tumor (43–46). In our study, several PDX models of KRAS mutant patients showed efficacy against cetuximab therapy. In the current study, we presented two typical patients with KRAS mutations who developed recurrence and distant metastasis after treatments. The drug sensitivity screening of PDX model showed that cetuximab had a certain efficacy, so that cetuximab was applied to the patients. The levels of tumor indicators (CA199 and CEA) significantly decreased in the two patients, and both patients achieved the best efficacy of PR with PFS reaching 6 and 4 months respectively. This suggests that cetuximab may have a promising effect on some patients with RAS or BRAF mutation, and some patients may lose the opportunity of undergoing effective targeted therapies because of the genetic test results. This further indicated that the establishment of a PDX model is of great importance for medication of patients, especially for the posterior line treatment of patients with recurrence and metastasis.



Conclusions

In the present study, we successfully established a large-scale PDX model for GI tumors in our center. The relationship between clinicopathological and molecular features and engraftment rates were clarified. Furthermore, this resource provides us with profound insights into tumor heterogeneity, making these models valuable for PDX-guided treatment decisions, and offering the PDX model as a great tool for personalized treatment and translation research.
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Previously we uncovered the epigenetic regulation of medulloblastoma that low levels of H3K27me3 are required for Shh target gene expression and medulloblastoma growth. Since Jmjd3, an H3K27me3 demethylase, is responsible for maintaining low H3K27me3 at Shh target genes, targeting Jmjd3 could be an efficient way to inhibit Shh signaling and medulloblastoma growth. Here we show that the small molecule GSK-J4, an inhibitor of Jmjd3, significantly inhibited the expression of Shh target genes in Shh responsive cell models and primary cerebellar granule neuron precursors. GSK-J4 also significantly reduced the growth of primary Shh medulloblastoma cultures. Treating human medulloblastoma cell line DaoY by GSK-J4 led to cell cycle arrest at G0/G1 phase with decreased cells in S-phase. Tumor cell proliferation was significantly inhibited by GSK-J4 treatment. Gene expression analyses showed that GSK-J4 additionally constrained the expression of key genes in cholesterol biosynthesis. Our results highlight the possibility that targeting H3K27me3 demethylase Jmjd3 with GSK-J4 to inhibit Shh signaling and cholesterol metabolism is a potential application to treat Shh medulloblastoma.





Introduction

Shh ligand covalently modified with N-terminal palmitoylation and C-terminal cholesterol plays essential roles in mammalian embryonic development, cell homeostasis and tumor formation (1). When Shh ligand binds to its receptor Patched (Ptch), Smoothened (Smo) is released from Ptch to activate transcription activator Gli1/2-Act. The translocated Gli1/2-Act in the nucleus activates Shh signaling by increasing the expression of general Shh target genes such as Gli1, Ptch1 and Hhip (2, 3). During cerebellar development, Shh molecules are produced from Purkinje neurons and activate mitogenic target genes such as N-myc and Ccnd1 in cerebellar granule neural precursors (CGNPs). Hence, Shh drives the proliferation of CGNPs and contributes to cerebellar development (4–6). During normal cerebellar development, Shh levels are properly modulated and reach a peak at an early postnatal stage. However, the overactive Shh signaling caused by mutations in Shh pathway genes such as Smo and Ptch1 is the driving force for Shh-type medulloblastoma (7, 8). SmoM2 is a Smo mutant resulting in constitutively active Shh signaling (9). This mutant has been widely used to establish mouse Shh medulloblastoma tumor models (10, 11).

Medulloblastoma is the most common malignant pediatric brain tumor, and accounts for about 20% of all childhood brain tumors (12, 13). Genomic studies classified medulloblastoma into four subgroups: Wnt, Shh, Group 3 and Group 4 (8, 14–17). The Wnt and Shh groups were named according to the principally activated signaling pathways in the tumors. Wnt-type tumors arise from the embryonic brain stem and lower rhombic lip progenitor cells (18). In contrast, Shh-type tumors originate from CGNPs with active Shh signaling (19, 20). This type of tumor is often found in infants and adults and accounts for about 25% of all medulloblastoma (11). Group 3 tumor features large cell/anaplastic phenotype and is driven by oncogenes c-myc and OTX2 (18, 21, 22). The cell origin of Group 4 medulloblastoma is thought to originate from unipolar brush cells (23–25). Current therapies for medulloblastoma consist of surgery, radiotherapy and chemotherapy. The standard radiotherapy includes craniospinal irradiation with a radiation boost to tumor bed. More often, radiotherapy medicated by Linac-based photons is being replaced by proton-beam based radiotherapy. Although prognosis is improved, patients still have severe long-term side effects (8, 26). Having a better understanding of both the active Shh signaling pathway and cell of origin provides possibilities of targeted therapies for medulloblastoma (27).

Epigenetic regulators play important roles in Shh signaling and medulloblastoma development (10, 11, 28–31). Previously we identified histone 3 lysine 27 trimethylation (H3K27me3) demethylase Jmjd3 as a key player in Shh target gene activation (10). We showed that Jmjd3 mediated H3K27me3 demethylation and epigenetic changes are required for the activation of Shh target genes in response to Shh stimulation (11, 31). Genetic knockout of Jmjd3 significantly inhibited Shh medulloblastoma growth in culture and in mouse models (10). Therefore, pharmacological inhibition of Jmjd3 could be a promising treatment option for medulloblastoma. Kruidenier et al. reported that an ethyl ester GSK-J4 inhibits H3K27me3 demethylase activities (32). By targeting Jmjd3, GSK-J4 has been successfully applied to inhibit the growth and proliferation of various tumors including pediatric brainstem glioma, chondrosarcomas, and lung adenocarcinoma in mouse xenograft models or in vivo studies (33–35).

In this report, we demonstrated that GSK-J4 efficiently inhibits Shh signaling and Shh-type medulloblastoma growth. We confirmed the notion in several Shh responsive cell models including immortalized fibroblasts NIH3T3, primary MEFs, normal CGNPs, primary mouse tumor cells, and human medulloblastoma cell line DaoY. In DaoY medulloblastoma cells, GSK-J4 additionally inhibits tumor cholesterol metabolism, which contributes to Shh signaling and cell proliferation. These results highlighted the potential translation to use the small molecule inhibitor GSK-J4 targeting H3K27me demethylase Jmjd3 for Shh-type medulloblastoma treatment.



Materials and methods


Mice

The SmoM2 transgenic mice were purchased from Jackson Laboratory (Strain #:005130). SmoM2 CAG-CreER mice spontaneously develop Shh-type medulloblastoma (9).



Cell lines, primary MEF, CGNP and medulloblastoma cell cultures

NIH3T3 cells, DaoY cells, wild type MEF cells, Gli3-/- and Jmjd3-/- MEF cells were cultured in DMEM containing 10% FBS, sodium pyruvate, penicillin, streptomycin, minimal amino acid, L-glutamine and 2-mercaptoethanol. Jmjd3-/- MEF cells were provided by Dr. T. Akira (36). Primary CGNP cultures were derived from dissociated P4 wild type mouse cerebella and cultured in DMEM/F12 media containing 25 mM KCl, N2, penicillin, streptomycin, and 10% FBS as previously described (31). For Shh induction, Shh conditioned media produced from Shh-CM 293T cells (37) were added to MEF and CGNP cultures at 1:20 dilution. NIH3T3 cells or primary MEF cells were treated with Shh in 0.5% FBS media for 24 hours before harvesting. Primary tumor cells were derived from dissociated SmoM2 medulloblastoma and cultured in DMEM/F12 media containing B27, N2, EGF, and FGF2. For GSK-J4 (XcessBio, M60063-2) treatment, media were mixed with indicated concentrations of the compound, and DMSO was used as a solvent control. The ATP assay for cell viability analysis was carried out as described (10).



Western blot

Western blot was carried out as previously described (38). In detail, cultured cells were washed with ice-cold 1x PBS for three times, and lysed in RIPA buffer (50 mM Tris, pH 8.0, 150 mM NaCl, 0.05% SDS, 0.5% DOC, 1% NP-40). Cell lysates were separated on SDS-PAGE gels. Antibodies against Gli1 and Caspase3 were purchased from Cell Signaling and Protein Tech, respectively. HRP-conjugated secondary antibodies were from Jackson Immunology. GAPDH was detected as a loading control.



Reverse-transcription quantitative PCR

RT-qPCR was performed as described (38). RNAs from cells or tissues were extracted with TRIZOL (Invitrogen). The concentration of RNA samples was determined with NanoDrop One (Thermo Scientific). cDNAs were synthesized by reverse transcription using Iscript. iTaq reagents were used for quantitative PCR. Both Iscript and iTaq were purchased from Bio-Rad. A Bio-Rad real-time PCR system (C1000 Thermal Cycler) was used for quantitative PCR. Levels of GAPDH mRNA were used to normalize input RNAs. Relative gene expression was calculated by ΔΔCt as previously described (38). Graphics shown are representative of experiments performed in triplicate. Sequences of PCR-primers are listed in extended data.



Chromatin immunoprecipitation assay

ChIP experiments were performed as previously described (10). Dissociated cells were crosslinked with paraformaldehyde, and DNA was sonicated to fragments (200-1000 bp) in the nuclear lysis buffer using a Sonic Dismembrator 550 (Fisher Scientific) at level 3, output 10%, for 5 cycles of 7 sec on, 30 sec off, in ice water. An antibody against H3K27me3 (#39536, Active Motif) was used in the precipitation step. Precipitated DNA was captured using pre-blocked Protein G agarose beads (Pierce) in the presence of BSA and salmon sperm DNA, followed by purification and subjection to quantitative PCR. The primer sequences are CGCTCACTTCCCTCGTATATCCTTC, GGCAGTATAGGGTCCCTCAAGGG. 10% of input was used for positive control and normalizing results, which were presented as percentages of input.



RNA-seq and bioinformatics analyses

RNA-seq analyses were performed in the Sequencing and Bioinformatics Center in Anhui Medical University. Total RNAs were extracted using TRIzol Reagents (Invitrogen), and mRNAs were separated using magnetic beads (Vazyme, N401). Reverse transcription was performed to obtain cDNA using SuperScript™ II (Invitrogen, # 18064014). cDNA libraries were established using the Tn5 DNA Library Prep Kit from Illumina (TRANS, KP101-11) and sequenced for PE150. Fastq data were analysed with Fastqc and processed using the pipeline described in the Linux system (39). The expression levels of genes were quantified with featureCounts (40), and the differentially expressed genes were called by DESeq2 program with a fold-change > 2 and padj <0.05. Data were analysed and presented using R studio for GO, KEGG, GSEA and STRING analyses.



Immunofluorescence staining

DaoY cells were seeded on cover glasses at a density of 105 cells/well in 24-well plates. Cells were treated with 10 μM of BrdU for 2 hours before staining. For staining, cells on cover glasses were fixed using methanol, then washed with PBS for 3 times. The cells were then treated with 2 M of HCl for 20 min, and blocked with 5% goat serum for 30 min at room temperature. The cells were incubated with mouse anti-BrdU antibodies (ABclonal, A1482) o/n at 4°C and then with GFP-Conjugated goat anti-mouse IgG antibodies (ZGGB-BIO, ZF-0312) for 30 min at 20°C.



Cell cycle assay

The cells were cultured with GSK-J4 for 24 hours in 6 cm dishes at a density of 4 x 105 cells per dish. Cell cycle assay was performed according to the manufacturer’s instructions (Beyotime, C1052). Stained cells were applied to a BD FACSVerse flow cytometer (BD Bioscience), and data were analysed using ModFit software.



Statistical analysis

Each experiment was repeated at least three times except for RNA-seq analyses, data shown were from representative assays with 3 technical repeats. Data are expressed as means plus standard deviation (s.d.). Statistical analyses were performed using a two-tailed, unpaired Student’s t-test provided by Microsoft Office Excel. A p value of <0.05 will be considered significant.




Results


Shh signaling is impaired by GSK-J4 targeting H3K27me3 demethylase Jmjd3

Since Shh medulloblastoma is caused by over-active Shh signaling in cerebellum, modulating Shh signaling could be an effective way to constrain the tumor growth. Previously we reported that Jmjd3 plays an essential role in Shh signaling activation and Shh-medulloblastoma growth (10). Kruidenier et al. developed an H3K27me3 demethylase inhibitor, GSK-J4, to modulate Jmjd3 activity, making it possible to intervene the diseases that depend on Jmjd3 (32). To determine whether GSK-J4 can block Shh signaling by targeting Jmjd3, we chose the immortalized embryonic fibroblast NIH3T3 cells (41), which is responsive to Shh signaling and could activate Shh target genes such as Gli1, Ptch1, Hhip, and Hck (10, 11, 31, 38). Among them, Gli1 encodes a transcription factor forming a positive feedback loop to further activate Shh/Gli1 target genes. The mRNA level of Gli1 faithfully reflects the activities of Shh pathway (31), hence we use Gli1 as a readout of the pathway. Previously 30 µM of GSK-J4 was applied to inhibit the proinflammatory macrophage response through targeting the jumonji domain of histone demethylase (32), we hence tested this concentration of GSK-J4 on NIH3T3 cells, and treated the cells with Shh conditioned media and various concentrations of GSK-J4 at 0.01, 0.05, 0.24, 1.2, 6, and 30 μM (Figures 1A, B). The Treatment of GSK-J4 (Figure 1A, lane 4-8) significantly reduced the Shh induced Gli1 protein levels (Figure 1A, lane 2) when the concentration of GSK-J4 is above 6 μM. The quantifications indicated that 30 μM of GSK-J4 is higher than the IC50 in NIH 3T3 cells for target gene Gli1 expression (Figure 1B).




Figure 1 | Shh signaling is impaired by GSK-J4 targeting H3K27me3 demethylase Jmjd3. (A) Effects of GSK-J4 at various concentrations on Gli1 protein levels. (B) Ratio of Gli1 protein levels against GAPDH in (A) calculated by Image J Significance is against Shh induced level (rf Figure 1A, lane 2) except for the one between Figure 1A lane 1 and Figure 1A lane 2. (C) GSK-J4 impairs Shh-induced Gli1 mRNA expression in NIH3T3 cells by RT-qPCR analysis. (D) GSK-J4 inhibits Shh-induced Gli1 mRNA expression in primary MEF cells. (E) GSK-J4 significantly inhibits Shh-induced Gli1 mRNA expression in primary Gli3-/- MEF cells. (F) Shh-induced Gli1 mRNA expression is impaired in primary Jmjd3-/- MEF cells, and GSK-J4 does not further decrease the Gli1 mRNA level. (G) Jmjd3 mRNA expression is reduced by Jmjd3 knockout. (H) GSK-J4 raises the local H3K27me3 enrichment at mouse Gli1 promoter region shown by ChIP q-PCR assay. The concentration of GSK-J4 is 30 μM if not indicated for all figures. Significance determined using Student’s t-test. **p < 0.01 and *p < 0.05.



Upon addition of Shh conditioned media to NIH3T3 cells, Gli1 mRNA levels were significantly increased, indicating an activated Shh signaling pathway (Figure 1C). After cells were treated with 30 µM of GSK-J4 for 24 hours, Gli1 expression was significantly decreased to ~10% (Figure 1C). Thus, GSK-J4 is a potential inhibitor of the Shh signaling pathway. Since the immortalized NIH3T3 cells were generated from mouse embryonic fibroblast (MEF), we carried out the GSK-J4 inhibition experiment using primary MEF cells. Similarly, the Shh-induced Gli1 expression was significantly reduced by GSK-J4 treatment, albeit to a lesser extent than that in NIH3T3 cells (Figure 1D vs 1C). The GSK-J4 inhibition of Shh target genes was further confirmed in the primary Gli3-/- MEF cells (Figure 1E). The basal Gli1 mRNA level in Gli3-/- MEFs is higher than that in wildtype MEF since Gli3 is a repressor in the Shh signaling pathway. GSK-J4 treatment also significantly reduced Gli1 basal expression levels in Gli3-/- MEFs. Given our finding that Jmjd3 plays an important role in the Shh signaling pathway (10), we examined whether GSK-J4 inhibition of Shh gene expression is indeed through targeting Jmjd3. When primary Jmjd3-/- MEFs were treated with or without GSK-J4 in the presence or absence of Shh, we observed that Jmjd3 deficiency largely blocked both the Shh-induced target gene expression and GSK-J4 inhibition (Figures 1F, G). To understand the molecular mechanism in which GSK-J4 inhibits the Shh signaling pathway, we performed an H3K27me3 ChIP assay. In NIH3T3 cells treated with GSK-J4, the H3K27me3 levels at the Gli1 gene regulatory region near its promoter were significantly increased (Figure 1H), suggesting impaired demethylation activities of Jmjd3. Taken together, GSK-J4 blocked Shh signaling by inhibiting Jmjd3 demethylase activities.



Growth of CGNP cells is sensitive to GSK-J4

Shh secreted from Purkinje neurons is essential for CGNP proliferation and cerebellar development (1). To determine whether GSK-J4 inhibits CGNP proliferation by inhibiting the Shh signaling pathway, we isolated primary CGNP cells from P4 mouse cerebella, and treated them with Shh conditioned media (37). Shh-induced target gene expression in CGNP cells was significantly impaired by 30 µM of GSK-J4 treatment for 24 hours (Figure 2A). To further investigate inhibition of GSK-J4 in detail, we treated CGNP cells with 30 µM of GSK-J4 for various durations. We observed that Gli mRNA levels were significantly decreased after 2 hours of treatment with GSK-J4, and the decrease reached 50% after 3 hours (Figure 2B). To quantitate the effects of GSK-J4 on CGNP cell growth, we treated the CGNP cells in the presence of Shh with various concentrations of GSK-J4 for 24 hours and measured ATP percentage to indicate cell survival. 6 µM of GSK-J4 treatment reduced 50% of cell growth in CGNP cells (Figure 2C). We further measured CGNP growth at various time points after 30 µM of GSK-J4 treatment. We observed no significant growth change until at 24 h time point (Figure 2D, E). Therefore, the decrease of Gli1 expression after GSK-J4 treatment at earlier time points was not caused by GSK-J4 toxicity. These results confirmed that GSK-J4 inhibits the Shh signaling pathway in CGNP cells. Furthermore, at 24 h time point after GSK-J4 treatment, CGNP cell numbers were significantly reduced in Shh treated group, but not in the untreated one (Figures 2D, E), suggesting that the GSK-J4 inhibition of CGNP cell growth requires Shh signaling. Hence, consistent with our previous observation that Jmjd3 is required for Shh target gene expression and cerebellum development (10), pharmacological inhibition of Jmjd3 by GSK-J4 also efficiently inhibited Shh target gene expression during cerebellar development.




Figure 2 | Shh signaling and growth of CGNP cells are inhibited by GSK-J4. (A) GSK-J4 decreases Shh-induced Gli1 expression in P4 CGNP cells. (B) Time course of GSK-J4 effect on Gli1 expression in P4 CGNP cells. (C) Dose dependent survival of CGNP cells after the treatment of GSK-J4 shown by ATP assay. (D, E) Cell performances after the treatment of GSK-J4 for indicated time courses and doses. The cells with frame have significant changes after treatment with GSK-J4. Significance determined using t-test. **p < 0.01.





GSK-J4 shows antitumor activity in medulloblastoma

Next, we determined whether GSK-J4 inhibits Shh-type medulloblastoma. We bred Rosa26-SmoM2, actin-creER transgenic mice, in which SmoM2 mutation causes constitutive Shh signaling and Shh-type medulloblastoma (9). From mouse medulloblastoma tumors, we cultured primary tumor cells and treated them with 30 µM of GSK-J4. Gli1 expression was significantly inhibited as shown by RT-qPCR and the tumor cell growth was completely blocked by GSK-J4 as measured by ATP assay (Figures 3A, C), suggesting that GSK-J4 is more effective in inhibiting the growth of medulloblastoma cells compared to CGNP cells. To find the minimal treatment time of GSK-J4, we treated the tumor cells with 30 µM of GSK-J4 in a time course (Figure 3B) and found that the Gli1 mRNA level decreased 50% after 6-7 hours. Consistently, most of the tumor cells were killed before 8 hours (Figure 3B). We next determined minimal concentration of GSK-J4 to inhibit medulloblastoma growth by treating the tumor cells with various concentrations of GSK-J4 for 24 hours. Our results suggested that 6 µM of GSK-J4 significantly inhibited the tumor cell growth (Figures 3C–E). Since Shh signaling is constitutively elevated in Shh-type medulloblastoma, Shh ligand had no significant effect on Gli1 expression, and GSK-J4 showed similar effects on tumor cell growth in the presence or absence of Shh (Figure 3F).




Figure 3 | GSK-J4 shows antitumor activity in mouse primary medulloblastoma cells. (A) Shh target gene Gli1 mRNA expression is inhibited by the treatment of GSK-J4 on mouse Shh-type primary medulloblastoma cells (MB). (B) Time course of GSK-J4 effects on Gli1 expression in mouse primary medulloblastoma cells. (C) Dose dependent survival of primary medulloblastoma cells after the treatment of GSK-J4 shown by ATP assay. (D) Survival of primary medulloblastoma cells treated with GSK-J4. (E) Tumor colonies after treatment of GSK-J4. (F) Time course performances of primary medulloblastomas after the treatment of GSK-J4. The cells with frame have significant performance changes after treatment with GSK-J4. Significance determined using t-test. **p < 0.01.





GSK-J4 inhibits the proliferation of medulloblastoma cells

To translate the finding that GSK-J4 is a candidate to treat medulloblastoma, we measured Gli1 mRNA level changes before and after GSK-J4 treatments in a human Shh-type medulloblastoma cell line DaoY. Gli1 was expressed actively in DaoY cells regardless of Shh treatment, and GSK-J4 significantly inhibited Gli1 expression (Figure 4A). To determine the sensitivity of DaoY cells to GSK-J4 treatment, we measured cell survival under 2 µM, 6 µM or 30µM of GSK-J4 treatment, and found that 30 µM GSK-J4 significantly hindered cell viability of DaoY medulloblastoma cells (Figure 4B). To determine whether the cell number reduction was caused by inhibition of proliferation or increase of apoptosis, we performed cell cycle analyses. We found that 30µM of GSK-J4 treatment significantly induced cell cycle arrest at G0/G1 phase, with an extension at G0/G1phase and a reduction of S-phase (Figure 4C). BrdU incorporation assay in DaoY cell cultures further verified our hypothesis that GSK-J4 could inhibit DaoY medulloblastoma cell cycle progression. BrdU positive cells were significantly decreased upon 6 µM of GSK-J4 treatment, and 30 µM of GSK-J4 treatment showed further reduction (Figures 4D, E). After treatment with GSK-J4, Caspase3 levels were slightly increased as shown by western blot (Figure 4F), suggesting minor cell apoptosis caused by GSK-J4 treatment. Taken together, GSK-J4 inhibits the proliferation of human DaoY medulloblastoma cells.




Figure 4 | Growth of human DaoY medulloblastoma cells is inhibited and cells are arrested at G0/G1 by treatment of GSK-J4. (A) Shh target gene Gli1 expression is impaired by GSK-J4 in human medulloblastoma cell line DaoY. (B) Growth of DaoY Cells is inhibited by GSK-J4. (C) Growth of DaoY Cells is arrested at G0/G1 phase with decrease of S-phase by GSK-J4. (D, E) The proliferation of DaoY cells is reduced by treatment of GSK-J4. (F) Apoptosis of DaoY tumor cells is not dramatically induced by GSK-J4. Significance determined using Student’s t-test; *p<0.05, **p<0.01.





RNA-seq and bioinformatics analyses show biosynthesis of cholesterol as an additional target of GSK-J4

To understand the global effects of GSK-J4 on medulloblastoma cells, we carried out RNA-seq of DaoY cells treated with or without GSK-J4 (n=2). Heatmap of mRNA levels showed comparable samples used for this assay (Figure 5A). Totally, 1208 genes had higher expression after treatment with GSK-J4, and 1154 genes decreased their expression (Figure 5B). The down-regulation of these genes possibly resulted from the inhibition of H3K27me3 demethylase activities, while the upregulation could be caused by indirect effects. GO analysis showed sterol biosynthesis genes were enriched in the down-regulated gene population (Figure 5D). The heatmap further confirmed the significant down-regulation of cholesterol biosynthesis genes (Figure 5C). Consistently, KEGG assay also showed steroid biosynthesis genes decreased after treatment with GSK-J4 (Figure 5E). Using STRING package, we identified the top 10 genes of sterol biosynthesis pathway as presented in Figure 5F, highlighting MVD, DHCR7, DHCR24, LSS and HSD17B7 in cholesterol biosynthesis. On the other hand, the up-regulated genes mostly were associated with protein degradation and unfolding pathways (Figure 6A), which may result in dys-regulated metabolism and disease (Figure 6B).




Figure 5 | Biosynthesis of cholesterol and phospholipids are impaired by GSK-J4 in DaoY cells. (A) Heatmap of gene mRNA levels in DaoY cells after treatment with GSK-J4. (B) Volcano plot of the differentially expressed genes in DaoY cells after treatment with GSK-J4. (C) Heatmap of the mRNA level of cholesterol biosynthesis genes in DaoY cells after treatment with GSK-J4. (D) GO analysis of the down-regulated genes in DaoY cells treated with GSK-J4. (E) KEGG analysis of the down-regulated genes in DaoY cells treated with GSK-J4. (F) STRING analysis for key genes in cholesterol biosynthesis.






Figure 6 | Protein degradation and unfolding are activated by GSK-J4 in DaoY cells. (A) GO analysis of the up-regulated genes in DaoY cells treated with GSK-J4. (B) GSEA analysis of the up-regulated genes in DaoY cells treated with GSK-J4.






Discussion

We broadly tested an epigenetic inhibitor GSK-J4 in Shh-responsive tissue cultures, including Shh responsive cell models NIH3T3, primary MEF cells, primary CGNP cells and medulloblastoma cells. Importantly, we did pilot experiments in human DaoY Shh-medulloblastoma cell line. We provide strong evidences showing decreased mRNA levels of the key Shh target gene Gli1 by GSK-J4 treatment in all settings. Since Gli1 is a positive feedback transcription factor in Shh signaling, it plays important roles to amplify Shh signals in vivo. One strategy for inhibiting Shh signaling in tumor growth is by inhibiting Gli1 levels (27).

Our results together showed that GSK-J4 is a potential inhibitor for Shh-type medulloblastoma growth (Figures 4B–D), and it can be developed for possible targeted therapy of pediatric Shh-type medulloblastoma. Hashizume et al. showed that GSK-J4 is a candidate for brainstem glioma therapy by inhibiting H3K27me3 demethylase (33). The group administered GSK-J4 by intraperitoneal injection, and observed active derivative GSK-J1 in brain tissues, suggesting the small molecule can reach cerebellum for medulloblastoma therapy. In our study, GSK-J4 treatment reduced active tumor cells and BrdU incorporation to genome. Cells were arrested at G0/G1 phase with significant decrease in S-phase after GSK-J4 treatment, together showing inhibited proliferation by GSK-J4.

Surprisingly, we found the expression of cholesterol biosynthesis genes was significantly reduced by GSK-J4 treatment. The key biosynthesis genes included MVD, DHCR7, DHCR24, LSS, HSK17B7 and TM7SF2 (Figure 7A), suggesting that the biosynthesis of cholesterol was impaired in cells treated with GSK-J4. These cholesterol biosynthesis genes were possibly directly regulated by Jmjd3. It was reported that the reduction of cholesterol biosynthesis resulted in S-phase decrease and G0/G1 extension (42), which is consistent with our current finding. Besides the essential role in cell physiological activities, cholesterol is a functional modification of the Shh signaling pathway proteins. Both Shh ligand and membrane protein Smoothed are covalently modified by cholesterol (43, 44). Hence, our study suggested GSK-J4 can also regulate Shh signaling by restraining cholesterol metabolism.




Figure 7 | Verification of cholesterol and phospholipids biosynthesis gene expression decreases in DaoY cells treated with GSK-J4. (A) RT-qPCR verification of the expression of cholesterol and phospholipids biosynthesis genes in DaoY cells treated with GSK-J4. (B) Gene expression levels by microarray analysis in four subgroups of human medulloblastoma (GSE37418 (7)). Number of samples in each group, wnt: 8, Shh: 10, Group3: 17, Group4: 41. Significance determined using Student’s t-test. **p< 0.01, *p< 0.05.



GSK-J4 could inhibit the H3K27me3 demethylase activities of both Jmjd3 and Utx. We think the GSK-J4 effects on Shh signaling and medulloblastoma were largely through targeting Jmjd3. The two H3K27me3 demethylases have diverse functions in Shh-type medulloblastoma formation, though they have similar expression levels among different types of medulloblastoma (Figure 7B). Jmjd3 functions as a co-activator for Shh target genes, whereas UTX could inhibit medulloblastoma initiation by promoting tumor differentiation (29). Our study together with others’ showed that GSK-J4 is a promising agent for targeted therapy of human medulloblastoma, and other tumors dependent on Shh signaling and cholesterol metabolism (Figure 8). Hence, our study highlights the possibility of using GSK-J4 that targets H3K27me3 demethylase Jmjd3 to treat Shh medulloblastoma patients.




Figure 8 | A model of Shh signaling regulated by small molecule compound GSK-J4 targeting the epigenetic switch. At basal condition, the processed transcriptional factor Gli3R represses Shh target gene and maintains high level of H3K27me3 on the regulatory region of target genes. In the presence of Shh, Gli3R is replaced with Gli1/2-Act, which recruits the coactivators Brg1 and Jmjd3. Decreases of H3K27me3 turn on the target gene expression. While acetyl-CoA is present, serial enzymes including MVD, DHCR7, and DHCR24, LSS convert acetyl-CoA to form cholesterol. With the treatment of GSK-J4, activity of Jmjd3 is inhibited and H3K27me3 increases, which leads to impaired Shh signaling and cholesterol biosynthesis.
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Gallbladder cancer is a highly aggressive malignancy with poor sensitivity to postoperative radiotherapy or chemotherapy; therefore, the development of individualized treatment strategies is paramount to improve patient outcomes. Both patient-derived tumor xenograft (PDX) and patient-derived tumor organoid (PDO) models derived from surgical specimens can better preserve the biological characteristics and heterogeneity of individual original tumors, display a unique advantage for individualized therapy and predicting clinical outcomes. In this study, PDX and PDO models of advanced gallbladder cancer were established, and the consistency of biological characteristics between them and primary patient samples was confirmed using pathological analysis and RNA-sequencing. Additionally, we tested the efficacy of chemotherapeutic drugs, targeted drugs, and immune checkpoint inhibitors using these two models. The results demonstrated that gemcitabine combined with cisplatin induced significant therapeutic effects. Furthermore, treatment with immune checkpoint inhibitors elicited promising responses in both the humanized mice and PDO immune models. Based on these results, gemcitabine combined with cisplatin was used for basic treatment, and immune checkpoint inhibitors were applied as a complementary intervention for gallbladder cancer. The patient responded well to treatment and exhibited a clearance of tumor foci. Our findings indicate that the combined use of PDO and PDX models can guide the clinical treatment course for gallbladder cancer patients to achieve individualized and effective treatment.




Keywords: gallbladder cancer, patient-derived tumor xenograft model, patient-derived tumor organoid model, individualized therapy, immune checkpoint inhibitors



Introduction

Gallbladder cancer is a highly aggressive biliary malignancy (1). The early symptoms of gallbladder cancer are not obvious, and thus, most patients have progressed to an advanced stage by the time of diagnosis (2, 3). Radical surgical resection of the gallbladder and regional lymph node dissection are currently the best treatments for gallbladder cancer (1); however, the recurrence rate after radical surgery remains high and is often accompanied by local or distant metastases (4). Furthermore, patients have a low response rate to postoperative chemotherapy (5). Thus, individualized therapeutic drug screening for patients with gallbladder cancer after surgery is particularly important.

Patient-derived tumor xenograft (PDX) and patient-derived tumor organoid (PDO) models serve as the best in vivo and in vitro models, respectively, for predicting clinical outcomes. Both models mimic the biological properties of the original patient tumor (PT) and maintain tumor heterogeneity (6). There is growing evidence that PDX (7–9) and PDO (10–13) models can accurately predict patient responses to anti-cancer treatment.

Currently, chemotherapy, targeted therapy, and immunotherapy are the most common drug treatments for cancer. Chemotherapeutic drugs, which suppress tumors by rapidly killing dividing cells, remain one of the main strategies for treating tumors, and our understanding of cancer pathogenesis, targeted drugs (14, 15), and immunotherapeutic drugs (16) are being developed by scientists. Targeted drugs inhibit molecular pathways that are critical for tumor growth and maintenance (17), while immunotherapy suppresses tumors by stimulating host immune responses (18). In this study, we established PDX and PDO models from a patient with advanced gallbladder cancer and conducted a multifaceted drug sensitivity trial that included chemotherapeutic agents, targeted drugs, and immune checkpoint inhibitors. The aim of this study was to guide the clinical treatment strategy for the patient by testing treatment options on the patient-derived models, with the goal of achieving individualized and effective treatment.



Materials and methods


Pre-operative diagnosis

Thickening, mild progressive magnetic resonance imaging (MRI) signal enhancement, and diffusion-weighted imaging hyperintensity were observed in the base and body wall of the gallbladder in one patient with gallbladder cancer. A patchy, slightly long T2 signal shadow was seen in the adjacent liver parenchyma, with mildly progressive enhancement on the enhancement scan. Slightly low signal was detected in the hepatobiliary specific phase, while high signal was detected via diffusion-weighted imaging, and a striped, slightly low-density shadow was observed in the adjacent right anterior lobe of the liver envelope. We observed several nodular soft tissue shadows in the upper abdomen and subperitoneum with a diameter of about 1.0 cm, high signal via diffusion-weighted imaging, and enlarged lymph nodes on the right side of the rectal mesentery. Pathological findings included a moderately differentiated adenocarcinoma of the gallbladder with focal findings of nerve invasion, infiltration of the entire wall of the gallbladder through to the adipose tissue with an infiltration depth of 11 mm, and tumor involvement of the liver. Cancer cells were observed in the fibrous adipose tissue of the greater omentum, and cancerous nodules were detected in the adipose tissue adjacent to the lymph nodes (pathological stage: AJCC pT3N0).



Clinical samples

Clinical tumor samples of advanced gallbladder cancer (F210708) and human peripheral blood mononuclear cells (PBMCs) were obtained from one patient admitted to the Xijing Hospital of the Fourth Military Medical University. Informed consent was obtained from the patient, and the study was approved by the Ethics Committee of Xijing Hospital (KY20203128-1). Tumor tissue samples were used to establish PDO and PDX models, as well as for histological analysis and transcriptome sequencing.



Laboratory animals

The animal experiments in this study were approved by the Laboratory Animals Welfare Ethics Committee of the Fourth Military Medical University (IACUC-20220259). Female NOD-Prkdcem26Cd52Il2rgem26Cd22/Gpt (NCG) mice (6–7 weeks old) were purchased from GemPharmatech LLC (China) and housed in the Specific Pathogen Free facility of the Laboratory Animal Center of the Air Force Medical University.



PDO model establishment and drug screening

Patient tumor samples were excluded from necrotic areas and washed twice with phosphate-buffered saline (PBS) and were minced using a human tumor dissociation kit (Miltenyi Biotec, Germany). Single cells were dissociated using a Gentle MACS Octo Dissociator (Miltenyi Biotec) according to the manufacturer’s instructions. The dissociated tissues were washed with PBS, and the suspension was filtered through a 100 μm cell filter and centrifuged at 300 × g for 5 min. The supernatant was discarded and the precipitated cells were collected and resuspended in an appropriate amount of matrigel (356231, Corning, USA). Subsequently, 50 μl droplets were placed in 6-well plates, and organoid culture medium was added to cover the droplets for incubation at 37°C under 5% CO2. The organoid culture medium consisted of Advanced DMEM/F12 medium, 250 ng/ml Rspo-1, 100 ng/ml Wnt3a, 10 mM Y27632, 1:100 N2 supplement, 3 nM dexamethasone, 1.25 mM N-acetyl-l-cysteine, 100 ng/ml Noggin, 50 ng/ml EGF, 100 ng/ml FGF10, 10 nM gastrin, 1:50 B27 supplement, 10 mM nicotinamide, 5 μM A8301, 10 μM forskolin, 5 μg/ml prostaglandin E2, 1:500 Primocin, 1% penicillin/streptomycin, 1% Glutamax, and 1% HEPES.

The organoid cells were plated at 5×103 cells/well, and the culture medium was discarded 24 h after cell treatment. Each drug was diluted in organoid culture medium at different dilution ratios (Table S1) and applied to the PDO culture. The CellTiter-Glo 3D kit (Promega, USA) was used to detect cell viability. Maximal doses were capped at peak plasma concentrations reported earlier in patients (19).



Establishment of a PDO/immune cell co-culture model for drug screening

Human PBMCs were mixed with organoid cells in a 10:1 potent target ratio, resuspended in 40% matrigel, and mixed for 48 h in accordance with the density of organoid cells (5×103 cells/well) for plate culture. The original medium was discarded and replaced with fresh medium containing nivolumab (Table S1). After 72 h, the status of the PDOs was observed microscopically, and organoid activity was detected using the CellTiter-Glo 3D kit after removal of co-cultured PBMCs using the Human Lymphocyte Isolate kit (TBD Science, China).



PDX model establishment and drug screening

Patient-derived tumor samples were removed from necrotic sites and washed twice with PBS. The specimens were minced and transplanted subcutaneously on the backs of NCG mice. When the tumors (P0) grew to approximately 500 mm3, tumor tissue was isolated under aseptic conditions and transplanted to the dorsal subcutis of new NCG mice (P1; n=30). When the P1 tumors reached 100–150 mm3, the animals were randomly divided into six groups with five animals each. Animals were treated with single or combined drugs (see Table S2 for treatments and doses). Tumor volumes and animal body weight were measured every 3 days, and serum samples were collected at the end of the treatment period to measure CA19-9 levels by ELISA. When the P2 (n=10) generation tumors grew to approximately 500 mm3, the most sensitive drug was administered to observe the inhibitory effect on larger tumors. After 3 weeks of treatment with the drug, treatment was discontinued for 100 days to observe the resulting changes in the tumor.



Establishment of a PDX model of the human immune system for drug screening

P0 generation tumors were transplanted subcutaneously into NCG mice, and 1×107 PBMCs were injected into the tail vein 20 days later. After 14 days, PBMCs were isolated from blood collected via the tail vein. Human CD45+ cells were detected using flow cytometry; the mice (n=10) containing 5-10% human CD45+ cells were included in the study and randomly divided into two groups, and drugs were administered according to the schedule in Table S2. Tumor volume was measured three times a week. At the end of the experiment, tumors were collected for immunofluorescence staining of tumor-infiltrating human CD45+ and CD8+ cells. Additionally, PBMCs were isolated from the blood, and human CD45+ and CD8+ cells were detected using flow cytometry.



Flow cytometric examination

Whole blood was collected from PDX mice that received the human PBMC transplant. The cells were separated using a human lymphocyte isolation solution and processed for split red blood cells. The cells were incubated with CD45+ (304006; BioLegend) and CD8+ (12-0088-42; Invitrogen) antibodies according to the manufacturer’s instructions, and flow cytometry (Attune NxT; Thermo Fisher) analysis was performed.



Staining and histopathology

Tumor tissues and organoids were fixed in 4% paraformaldehyde (Servicebio, China) at room temperature for 24 h. Paraffin-embedded samples were cut into 5-μm sections and used for hematoxylin & eosin, immunohistology, and immunofluorescence staining. The samples were stained using antibodies specific for HER2 (2165S, Cell signaling, 1:400), CA19-9 (ab398, Abcam, 1:100), CEA (ab133633, Abcam, 1:3000), EGFR (ab32198, Abcam, 1:100), Ki67 (27309-1-AP, Proteintech, 1:2000), and PD-L1 (ab205921, Abcam, 1:500) for immunohistology staining, and with antibodies against CD45 (13917S, Cell signaling, 1:200) and CD8 (66868-1-Ig, Proteintech, 1:200) for immunofluorescence staining.



Serum CA19-9 assay

Blood was collected from the mice at the end of the experiment, and serum was separated and sent to the Laboratory Department of Xijing Hospital for CA19-9 testing by ELISA.



RNA transcriptome sequencing

Total RNA was extracted using an RNA extraction kit (Tiangen, China). A strand-specific library was constructed by NovelBIo (Shanghai, China), enriched and purified, and reverse-transcribed into cDNA. The cDNA libraries were quantified and validated after end-repair, purification, and enrichment, and then sequenced and analyzed.



Statistical analysis

Statistical analysis was performed using SPSS version 18.0. Differences between two groups were analyzed using two-tailed unpaired t-tests. Differences between three or more conditions with one independent variable were analyzed using one-way analysis of variance (ANOVA); P values are reported as *<0.05, **<0.01, and ***<0.001. Image J software was used for immunofluorescence results, and the mean gray value was determined.




Results


Establishment of PDX and PDO models from patient gallbladder cancer tissue

Both the PDX and PDO models derived from a patient with gallbladder cancer were successfully established. The histological features of both the PDX-derived tumor tissues and the PDO were identical to those of the original PT (Figure 1A). Using RNA-sequencing, we detected a high correlation between the transcriptomes of tissue samples from the PDX or PDO models and primary PT samples (PDX vs. PT = 0.98; PDO vs. PT = 0.93), indicating that the models were transcriptionally representative of the original tumor (Figure 1B). To further confirm that tumor-associated hotspot genes from the PT were consistently expressed in the PDX and PDO models, the expression levels of genes representing several different signaling pathways were assessed. As shown in the heatmap in Figure 1C, the PDX, PDO, and PT samples all exhibited very similar expression patterns of genes in the p53 signaling pathway, mitogen-activated protein kinase (MAPK)-phosphatidylinositol-3-kinase (PI3K)-protein kinase B (AKT)-mammalian target of rapamycin (mTOR) signaling pathway, TNF signaling pathway, oxidative phosphorylation pathway, Notch signaling pathway, Ras pathway, and ErbB pathway. Next, we examined the expression levels of gallbladder cancer-related markers (ERBB2, CA19-9, CEA, EGFR, Ki67, PD-L1) using immunohistochemistry; all markers were detected in the PDX, PDO, and PT samples with the exception of PD-L1, which is a negative prognosticator for gallbladder cancer (Figure 1D). These data demonstrate that the PDX and PDO models maintained the histopathological, transcriptomic, and protein expression characteristics of the primary gallbladder tumor.




Figure 1 | (A) H&E staining of the PT, PDO, and PDX samples. Scale bars, 50 μm. (B) Transcriptomic correlation analysis of the RNA transcriptome expression between the PDX and PT samples and between the PDO and PT samples. A total of 60,665 genes were analyzed. (C) A heatmap of representative genes in tumor-associated signaling pathways. RNA expression levels are indicated along a red and blue scale for high and low expression levels, respectively. (D) The expression of tumor markers detected using immunohistochemistry in PT, PDX, and PDO samples. Scale bar, 50 μm. H&E, hematoxylin & eosin staining; PDO, patient-derived tumor organoid; PDX, patient-derived tumor xenograft; PT, patient tumor.





Drug screening using the PDO model

Next, we used our established PDO model to screen various drugs for the treatment of gallbladder cancer. Based on clinicians’ recommendations, we selected four chemotherapeutic agents (gemcitabine [GEM], cisplatin [CIS], capecitabine [CAP], irinotecan [CPT-11]) and one targeted agent (trastuzumab [HER]) for single-agent treatment. We also performed multi-agent treatments using the following drug combinations: GEM+CIS, GEM+CAP, or CAP+HER. Importantly, because the organoids lacked the relevant enzymes to catalyze CAP to 5-fluorouracil (5-FU) in vivo (20), CAP was replaced with 5-FU in our PDO drug screen. After treatment with a high concentration of GEM, the PDO appeared necrotic and disintegrated; conversely, the PDO remained intact and exhibited good cellular activity after treatment with high concentrations of the other drugs (Figure 2A). Consistent with our microscopic results, quantification of organoid activity using the CellTiter-Glo 3D kit indicated that GEM treatment achieved stronger tumor suppression than the treatment using other test drugs (P<0.001, Figure 2B). Furthermore, both combination treatments involving GEM elicited stronger tumor-killing effects than GEM treatment alone, and combining higher doses of 5-FU with HER also resulted in better tumor suppression than each individual drug (Figure 2C); organoid activity levels were consistent with these results Furthermore, we assayed the organoid activity using the CellTiter-Glo 3D kit after treatment with the drug combinations, and the results were the same as those observed by microscopy (Figure 2D). There was no statistical difference between the GEM+CIS and GEM+5-FU groups (P>0.05), and both were significantly different compared to the 5-FU+HER group (P<0.05). Next, we quantified the area under the curve for all drug treatment outcomes, which can be used to assess drug responses in PDO models (12). Consistent with previous results, GEM+CIS or GEM+5-FU treatment resulted in the best tumor suppression (Figure 2E). We predict that these findings can be used to guide the clinical treatment strategy for patients.




Figure 2 | (A) Bright-field microscopy images of PDOs showing the results of treatment with five drugs (GEM, CIS, 5-Fu, HER, CPT-11), including controls and maximum (Cmax) and minimum concentration (Cmin). Scale bar, 20 μm. (B) Cell viability of PDOs after 24 h of treatment with different concentrations of each drug. (C) Bright-field microscopy images of PDOs showing the results of treatment with three combinations of drugs (GEM+CIS, GEM+5-Fu, 5-Fu+HER) including controls and maximum (Cmax) and minimum concentrations (Cmin). Scale bar, 20 μm. (D) Cell viability of PDOs after 24 h of treatment with different concentrations of combination drug treatments. (E) Area under the PDO cell viability curve for single and combination drug treatment. CAP, Capecitabine; CIS, Cisplatin; GEM, Gemcitabine; Cmax, maximum concentration; Cmin, minimum concentration; CPT-11, Irinotecan; HER, Trastuzumab; 5-Fu, Fluorouracil.





Sensitivity of immune checkpoint inhibitors in PDO/PBMC co-cultures

To investigate the efficacy of immune checkpoint inhibitors in our PDO model, we co-cultured a PDO with PBMCs. We observed that immune cells underwent fusion with the PDO, and a large number of PBMCs infiltrated the organoid (Figure 3A). We selected nivolumab for immunotherapy and diluted the drug according to the chart in Table S1. The addition of nivolumab to the co-culture resulted in PDO death (Figure 3B); notably, no significant tumor suppressive effect was observed after PDO treatment with nivolumab in the absence of PBMCs. Organoid activity was greatly reduced after treatment with high concentrations of nivolumab (P<0.001; Figure 3C). Quantification of the area under the curve indicated that nivolumab did not have a particularly prominent tumor suppressive effect on the PDO in co-culture (Figure 3D); however, our analysis of organoid tumor activity in co-culture indicated a highly significant reduction in PDO cell viability (P<0.001) after treatment with a high concentration of nivolumab compared to that in the control (Figure 3E). Thus, from these data we conclude that nivolumab had a strong tumor suppressive effect on organoids co-cultured with immune cells.




Figure 3 | (A) PBMCs and PDOs were co-cultured for 48 (h) Immunofluorescence staining was performed for CD45+ cells (red), CD8+ cells (green), and DAPI (blue). Scale bars, 50 μm. (B) Bright-field microscopy images of PDOs showing the results of treatment with nivolumab. Results are shown for the control, nivolumab treatment alone, PBMC co-culture alone, and nivolumab treatment after co-culture groups. Scale bars, 20 μm. (C) PDO cell viability after 72 h of treatment with nivolumab. (D) Area under the PDO cell viability curve for each treatment group. (E) Cell viability in each group following nivolumab treatment at high concentrations. PDO, patient-derived tumor organoid; PMBC, peripheral blood mononuclear cell.





Drug screening using the PDX model

Tumor tissue from the PDX model was transplanted subcutaneously into the backs of 30 NCG mice (P1 generation tumors), and when the tumors had grown to approximately 100–150 mm3, the animals were randomly divided into six treatment groups for drug screening: control, CPT-11, CAP, GEM+CIS, CAP+HER, and GEM+CAP (Table S2). Significant tumor suppression was observed in the GEM+CIS and GEM+CAP groups (P<0.001 for both groups compared to that in the control; Figure 4A). The CAP+HER group was significantly different compared to the control group (P<0.05). The two single-agent treatments, CAP and CPT-11, were not significantly different than the control (P>0.05). Overall, these results are consistent with the results of our PDO drug screening. For all treatments, the weight of the mice remained stable (Figure 4D), indicating that the administered doses were within safe limits and that tumor regression was not due to general drug toxicity. At the end of the experiment, we collected the tumors and found that the change in tumor weight was consistent with the change in tumor volume (Figures 4B, C). Given the high expression of CA19-9 in the serum of patients with gallbladder cancer (Figure S1B) and in tumors (Figure S1C), we assessed CA19-9 levels in the serum of the mice and found that CA19-9 expression levels reflected the degree of tumor suppression, suggesting that CA19-9 expression may be indicative of tumor treatment efficacy in the PDX model (Figure 4E). Histopathological analysis revealed that almost no tumor cells remained in the GEM+CIS group, indicating high efficacy of the combination of GEM and CIS in tumor treatment (Figure S1A). In order to explore the inhibitory effect of GEM+CIS treatment on large tumors and the growth of tumors after discontinuation of treatment, we transplanted P1 tumors subcutaneously on the backs of NCG mice (P2 generation). When the tumors grew to approximately 500 mm3, we randomly divided the mice (n=12) into two groups. GEM+CIS treatment was discontinued after 3 weeks of treatment, and dynamic monitoring was performed for up to 100 days. The tumor volume decreased rapidly after treatment, and the tumor did not recur after discontinuation (Figure 4F). Overall, the trends observed in the PDX model were consistent with those in the PDO model. CA19-9 expression varied with tumor volume, indicating that CA19-9 expression may be indicative of the patient’s treatment response. These results demonstrate that GEM+CIS treatment results in long-lasting suppression of large tumors and predict that patients may have a good prognosis after the discontinuation of GEM+CIS treatment.




Figure 4 | (A) Changes in tumor volume in each group. (B) Photographs of tumors in each group at the treatment endpoint. (C) Tumor weight in each group at the treatment endpoint. (D) Changes in mouse body weight in each group during treatment. (E) Serum CA19-9 levels in each group of mice at the treatment endpoint. (F) Long-term effects after the treatment of larger tumors and discontinuation of treatment. CAP, capecitabine; CIS, cisplatin; GEM, gemcitabine; CPT-11, irinotecan; HER, trastuzumab.





Drug screening in humanized immuno-oncology models

To further validate the tumor suppressive effect of the immune checkpoint inhibitor nivolumab in vivo, we injected human PBMCs (1 × 107) into NCG mice with P1 tumors to establish a humanized immuno-oncology model (Figure 5A). Due to differences in the level of immune reconstitution, we included mice in which 5–10% of PBMCs comprised human CD45+ T cells (n=10), as determined using flow cytometry, and randomly divided them into two groups for nivolumab treatment (control and nivolumab groups). Two weeks after treatment was terminated, the tumor volume and weight in the nivolumab group were significantly less than those in the control group (P< 0.001 and P<0.01, respectively). Imaging analysis also revealed significant differences between the two groups (Figures 5B–D). Immunofluorescence analysis showed that the ratio of CD45+ to PBMC and CD8+ T cells to CD45+ was significantly higher in the nivolumab-treated group than in the control group (P<0.001 and P<0.01, respectively; Figures 6A–C), which further demonstrates the efficacy of immunotherapy. Meanwhile, higher proportions of CD45+ (P<0.05; Figures 6D,E) and CD8+ (P<0.01; Figures 6F, G) cells were detected in the PBMCs of mice after nivolumab treatment. These results suggest that nivolumab treatment causes immune cell death in tumors after immune reconstitution by mimicking PD-1 expression and promoting effector T cell differentiation.




Figure 5 | (A) Preparation of humanized tumor and immune system mice and drug delivery. (B) Change in tumor volume during treatment. (C) Tumor weight at the treatment endpoint. (D) Photographs of tumors at the end of the treatment.






Figure 6 | (A) Immunofluorescence staining of tumor sections from the PT, control, and nivolumab groups was performed for CD45+ cells (red), CD8+ cells (green), and DAPI (blue). Scale bars, 20 μm. (B) Quantification of CD45+ immunofluorescence grayscale values in the control and nivolumab groups. (C) Quantification of CD8+ immunofluorescence grayscale values in the control and nivolumab groups. (D) The proportion of CD45+ cells in PBMCs from the blood of mice in the control and nivolumab groups detected using flow cytometry. (E) Statistical results of the proportion of CD45+ cells. (F) Detection of the CD8+ ratio in CD45+ cells in the control and nivolumab groups using flow cytometry. (G) Statistics on CD8+ ratio in CD45+ cells. PT, patient tumor.





Guiding individualized clinical treatment strategies

Based on the PDO and PDX models, we found that GEM+CIS, GEM+CAP, and nivolumab treatments all achieved desired therapeutic outcomes, providing guidance for the treatment of the patient. The patient was administered GEM combined with CIS as the base treatment and the immune checkpoint inhibitor nivolumab as a complementary intervention. One year after surgery, CA19-9 returned to healthy levels (Figure S1B). MRI results showed a reduction of fluid in the gallbladder area and a reduction in the size of the retroperitoneal and larger lymph nodes by approximately 0.5 cm. The patient’s overall condition improved, and the prognosis was good.




Discussion

Gallbladder cancer is the most common biliary tract tumor (21), but is commonly diagnosed at advanced stages due to the lack of obvious disease symptoms and specific markers (22). Adjuvant therapy after cholecystectomy is not routine, as most regimens have a low response rate (23); therefore, individualized therapeutic drug screening for gallbladder cancer patients after surgery is especially important. Both the PDX and the PDO models preserve the biological characteristics and heterogeneity of the original tumor and display unique advantages for individualized therapy and predicting clinical outcomes (24, 25). Unfortunately, it often takes a long time to establish a PDX model (26), and patients with a rapidly progressive disease rarely benefit from this model. While establishing a PDO model requires less time, these models cannot be used to test all drugs because they lack functional vascular, metabolic, and nervous systems (27, 28). In this study, we adopted a strategy to use PDX and PDO models together, specifically the PDO model for initial rapid drug screening and the PDX model for in vivo drug efficacy validation, making these two models complementary.

Both the PDX and the PDO models were used to evaluate the treatment efficacy of chemotherapeutic agents, targeted agents, and immune checkpoint inhibitors. Ultimately, we found that GEM combined with CIS exhibited the best tumor suppressive effect, while immune checkpoint inhibitors also achieved good tumor suppression. Notably, chemotherapy can stimulate anti-cancer immunity and enhance the effect of immunotherapy by stimulating cancer cells to release immunostimulatory factors or by mediating off-target effects on immune cell populations (29). We continuously observed the growth and recurrence of tumors after 3 weeks of treatment with GEM+CIS. Even 79 days after the discontinuation of GEM+CIS treatment, we did not observe tumor recurrence; these data predicted that the patient may have a good prognosis after the discontinuation of GEM+CIS treatment. Therefore, we recommended the patient for GEM+CIS-based therapy with the immune checkpoint inhibitor nivolumab as a complementary intervention, which resulted in an improvement in the patient’s condition. Because drug screening for the patients with tumor has time limit requirements, drug screening for too long will miss the best period of treatment, so we relied on clinicians’ suggestions of the candidate drugs to test. These suggestions were made based on patient-specific pathology; for instance, the patient had an ERBB2 mutation, so the ERBB2-targeting drug HER was selected. It is possible that other targeted drugs may elicit tumor suppressive effects as well.

In the process of tumor drug screening, both chemotherapeutic drugs and targeted drugs act directly on PDO models (30); therefore, the choice of drug concentration is crucial. Blindly using the IC50 or higher drug concentrations will likely produce clinically irrelevant results. In designing our PDO drug test, we referred to the recommendations of the drug instructions and The peak concentration in the pharmacokinetics is set as the highest concentration for our drug test (19); in this way, we were able to align our drug test results with the actual needs of the patient.

CAP, a fluoropyrimidine carbamate, is widely absorbed. CAP is converted to 5-FU via a multiorgan, three-step enzymatic pathway, and malignant tissues have higher concentrations of thymidine phosphorylase, which is involved in drug conversion, so 5-FU increases enrichment at tumor sites, and CAP exhibits better tumor suppressive activity in multiple PDX models (20). However, because of the lack of an effective metabolic pathway in the PDO model, we switched from CAP to 5-FU for drug testing, which exemplifies a drawback in the PDO drug screening procedure.

Tumor immunotherapy is a novel therapeutic strategy that has shown good therapeutic efficacy in many individual patients. PD-L1 expression is an initial screening marker for tumor patients receiving immunotherapy. However, some reports have demonstrated that the expression of PD-L1 is not fully indicative of the effect of immunotherapy (31, 32). Indeed, some patients with low expression of PD-L1 still achieve good therapeutic results following PD-L1 antibody treatment. Therefore, although PD-L1 was absent in the gallbladder carcinoma tumor in this study, we included PD-L1 targeted drugs in our drug screen as an alternative treatment scheme, which achieved good therapeutic results.

Humanized immuno-oncology models recapitulate a partially functional humanized immune system and are the best preclinical immunotherapy models currently available, as they allow for the prediction of patient responses to immunotherapy (33–35). Mice with a partially functional humanized immune system constructed using PBMCs can rapidly produce human T cells and thus have been widely used in tumor immunotherapy research. A number of CD45+ and CD8+ T cells were detected in the tumor tissues of the patient, indicating immune cell infiltration into the tumor; this provided rationale for immunotherapy (36, 37). In our humanized immuno-oncology model, we observed a reduction in tumor size concurrent with increasing levels of immune reconstitution in the absence of drug intervention. This may be due to the strong antigenic properties of PDX grafts and the killing effect of mature T cells in the PDX model. However, after treatment with nivolumab, the tumor volume decreased rapidly, demonstrating the inhibitory activity of nivolumab on this tumor. Similarly, the results of immune cell analysis confirmed that levels of both CD45+ and CD8+ T cells were significantly higher after nivolumab intervention. Consistent with the data from previous studies (31, 32), these results provide further evidence that PD-L1 expression is not a direct indicator of the tumor suppressive activity of immune checkpoint inhibitors, as nivolumab sharply suppressed tumor activity despite the absence of PD-L1 in the tumor.

In conclusion, both PDX and PDO models derived from one patient with advanced gallbladder cancer were successfully established. Treatment with GEM combined with CIS had significant therapeutic effects on both models, and immune checkpoint inhibitors responded well in the PDO/immune model and humanized mice. This strategy for drug selection ultimately displayed a good curative effect on the patient. Our findings indicate that the combination of PDO and PDX models can guide the clinical treatment strategy for cancer patients to achieve effective individualized treatments.
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Neuroblastoma is a childhood cancer derived from the sympathetic nervous system. High-risk neuroblastoma patients have a poor overall survival and account for ~15% of childhood cancer deaths. There is thus a need for clinically relevant and authentic models of neuroblastoma that closely resemble the human disease to further interrogate underlying mechanisms and to develop novel therapeutic strategies. Here we review recent developments in patient-derived neuroblastoma xenograft models and in vitro cultures. These models can be used to decipher mechanisms of metastasis and treatment resistance, for drug screening, and preclinical drug testing. Patient-derived neuroblastoma models may also provide useful information about clonal evolution, phenotypic plasticity, and cell states in relation to neuroblastoma progression. We summarize current opportunities for, but also barriers to, future model development and application. Integration of patient-derived models with patient data holds promise for the development of precision medicine treatment strategies for children with high-risk neuroblastoma.
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  1 Introduction

Despite significant academic, industrial, and clinical efforts, successfully translating preclinical findings to clinical trials and practice remains challenging (1–4) and less than 10% of drugs entering oncology clinical trials are eventually approved for clinical use (1, 5). Furthermore, these efforts and failures come at high financial and ethical costs. Pediatric malignancies have special considerations, since clinical drug testing is even more restricted by the relatively small number of patients and the ethics related to long-term side-effects in children. Involvement of multiple stakeholders is important to address the lack of childhood-specific drug development in the pharmaceutical sector (6, 7). Thus, there is an urgent need for clinically relevant and biologically accurate preclinical models to minimize these current bottlenecks to drug development and implementation (8).

Neuroblastoma (NB) is the most common solid extracranial pediatric tumor, accounting for ~15% of pediatric oncology deaths (9, 10). NB can be regarded as an aberration of neural crest development, and although it can arise anywhere along the sympathetic nervous system, most primary tumors are found in the adrenal gland (11). NB is biologically and clinically heterogenous, and patients are stratified into different risk groups based on tumor characteristics and disease presentation (12, 13). Clinical responses vary from spontaneous regression to metastatic and drug-resistant disease despite intensive treatment (13). Furthermore, patients often suffer from severe therapy-related long-term adverse effects (14).

NB is a copy number-driven disease with few targetable somatic mutations found at diagnosis, especially when compared with adult malignancies (15). The MYCN oncogene is amplified in ~20% of cases and is strongly correlated with aggressive phenotypes and unfavorable clinical outcomes (16). Other common chromosomal copy number changes, including 11q loss and 17q gain, are also poor prognostic features (17). Recurrent mutations are rare in NB but include ALK (9%), ATRX (7%), and PTEN (3%) mutations (15). In relapsed tumors, genome-wide sequencing has revealed a higher prevalence of recurrent mutations in targetable pathways, such as RAS-MAPK (18, 19), but at relatively low frequencies. Recent transcriptional and epigenetic analyses suggest that NB cells can adopt at least two phenotypic cell states, known as adrenergic (ADR)/differentiated and mesenchymal (MES)/immature (20–24). These findings highlight the heterogeneous and dynamic nature of NB.

Reliable, predictive, and authentic NB models are important because: (i) NB is uncommon, so sufficiently powered clinical trials are challenging and patient material is scarce for molecular studies (25), placing extra weight on the translatability of preclinical results; (ii) preclinical models that accurately recapitulate known clinical, genetic, and transcriptional intra- and inter-tumor heterogeneity are important for the identification of effective therapeutic targets; and (iii) patient-derived (PD) models resemble the clinical scenario better than conventional models and can therefore be used to screen for and test the most promising and safe novel therapies.

Here we discuss recent progress in patient-derived xenografts (PDXs) and PD in vitro cultures as preclinical NB models. We summarize the development of different PD models, their utility in studying biological mechanisms and treatment responses, and how they can be utilized for preclinical drug testing to improve treatment strategies against NB ( Figure 1 ).

 

Figure 1 | Establishment and application of PD models in NB contributing to novel treatment strategies. 




 2 PD NB models

Conventional cell lines have been used as laboratory models for decades, and they have provided valuable knowledge about tumor biology and drug efficacy in many cancer types. However, cancer cell lines are usually passaged under serum-containing conditions for years and thus their molecular profiles often differ from the original patient tumor (26, 27). This matters in terms of model fidelity, especially when considering clinical applicability; for example, clinically important features such as drug resistance might be lost after long-term in vitro passaging (27). PD NB models are established directly from tumor material obtained from children after parental informed consent. PD models have been shown to better reflect the features (e.g., treatment response) of their original tumors, compared with conventional models (28–31). PDXs have now been established from many diverse tumor types of adult and pediatric cancers including NB (32–35). Over the last few decades, the cancer research community has gradually turned towards PD model systems (8), and the US National Cancer Institute recently decided to replace its panel of human cancer cell lines (NCI-60) with well-characterized PDX models (36) for drug screening.

 2.1 Establishment of NB PDXs in vivo 

NB PDXs have been established in immunocompromised mice, mainly by implanting tumor samples or cells obtained from patients next to the adrenal gland (orthotopic implantation) or subcutaneously (ectopic/heterologous implantation). Established orthotopic PDX tumors can be monitored by clinical imaging techniques such as FDG-PET or MRI (37), and they have been shown to retain important patient tumor characteristics such as invasive growth patterns into surrounding tissues and spontaneous metastatic capacity to the bone marrow, lungs, and liver (37–39). PDX models retain NB-specific molecular features, including cellular differentiation status, protein marker expression (synaptophysin, chromogranin A, NCAM/CD56), chromosomal copy number changes (including 1p loss, MYCN amplification, 17q gain), mutational profiles, and DNA methylation status (32, 34, 37–41). Transcriptional analysis of orthotopic NB PDXs has shown that they also retain a certain degree of patient-specific gene expression, indicating transcriptional stability, from the corresponding NBs (32, 39, 40). Thus, although a PDX is established from only a fragment of the original patient tumor, data from multiple laboratories have shown that NB PDXs represent the main and clinically relevant features of NB patient tumors. There are now several sources of NB PDX tumors (detailed in (42)), including the US Pediatric Preclinical In Vivo Testing Consortium (PIVOT) and the European ITCC-P4 - Pediatric Preclinical Proof of Concept Platform.

The site of implantation affects the PDX model: orthotopic implantation has a higher engraftment rate and tumors grow faster than those implanted subcutaneously (32, 41). The human tumor microenvironment (TME) is gradually lost in vivo. Instead, orthotopic NB PDXs have been shown to contain a murine TME including for example vascularization, pericytes, macrophages, and extracellular matrix resembling the architecture in the parental NB (38). Potential functional differences between human and mouse TMEs are not fully elucidated and this uncertainty is important to consider (43). It has been debated whether the use of mice as hosts leads to murine-specific tumor evolution during PDX engraftment and propagation (44, 45). However, serial in vivo passaging of orthotopic NB PDXs for up to two years has shown that PDXs retain key genetic aberrations (e.g., 1p loss, MYCN amplification, and 17q gain) and acquire only minor genetic changes over time, as would be expected from their natural evolution (39). Clonal dynamics studies during tumor progression in PDXs have shown the presence of branched evolution, clonal sweeps, and convergent evolution of specific small deletions in potentially tumor-associated genes (46), a pattern similar to tumor evolution in NB patients (47).

There have been cases where human lymphomas have developed at the site of NB-cell injection (41, 48), or when murine-derived tumors have replaced the human PDX (49, 50), so thorough and frequent characterization of PDXs is necessary. Setting up robust biobanks for storage of well-characterized, early passage PDX-tumors will be of great benefit to the research community (8).

While most PDX models have been established in mice, zebrafish are increasingly used as hosts for implantation of PD tumor cells, including NB. Zebrafish allow for rapid and low-cost preclinical drug screening in an intact organism that may inform about precision medicine strategies in NB (51, 52). Furthermore, genetically-modified strains are available and tumors can be visualized from an early stage and followed dynamically. However, challenges in translating drug testing findings to patients include limited toxicity and pharmacodynamic data (51), temperature differences, and the non-mammalian TME.

PD cells and tumor biopsies have also been implanted into chick embryos with a high engraftment rate, forming metastases only from tumor cells from patients with metastatic NB and not from localized disease (53). NB cells migrated along the embryonic aorta and along peripheral nerves, demonstrating these as major routes for metastatic dissemination. This model allows for investigation of tumor progression and metastasis in an embryonic environment in vivo (53). However, the clinical relevance of the models remains uncertain.


 2.2 PD cultures in vitro 

PD tumor cultures are established in vitro directly from patients and can be grown as tumor organoids (PDOs), spheroids, or as semi-attached or attached cultures. PD cultures provide an opportunity to test potential therapeutics in a faster, high-throughput manner compared to PDXs.

PD NB cultures are isolated directly from primary or metastatic tumors from patients and are cultured in serum-free medium with defined growth factors to avoid neurospecific differentiation. This is best achieved on low-attachment plastics, with or without Matrigel or other scaffolding materials. Several groups have shown that PD NB cultures retain the copy-number profiles, mutation patterns, and other genetic and phenotypic characteristics of the tumor of origin (54–57) in both Matrigel and as free-floating spheres, but PDOs in Matrigel have better self-organization (56). Establishing PD cultures from different stages and subgroups of NB has been challenging. In general, more aggressive, MYCN-amplified, and metastatic tumors are easier to propagate in vitro. Recent advances in 3D scaffolding with hydrogels and porous scaffolding (reviewed in (58)) together with further optimization of culture conditions might increase the probability of successful establishment. Characterization of culture conditions is also important to understand how different transcriptional cell states might be maintained in vitro. Notably, it is important to verify NB identity and lack of contamination with other cells, which can otherwise overtake PD NB cultures (59, 60).

Since the limited number of NB patients restricts the number of models, a complementary approach is to use PDX-derived in vitro cultures after expansion of patient material in vivo (37, 40, 57, 61–63). Similar to PD cultures, PDX-derived NB cells can be grown adherent or as free-floating 3D cultures, and they retain patient-specific genomic aberrations as well as tumorigenic and metastatic capacity in vivo (62). Drug responses between NB PD- and PDX-derived cultures are highly correlated, suggesting that these models can be used interchangeably for drug testing (41). Biobanking of PD- and PDX-derived NB cultures will be a very important tool for future drug screening and larger preclinical drug testing (8).



 3 Applications of PD NB models

Conventional cell lines, cell-line derived xenografts, and genetically engineered mouse models have been the main preclinical tools used to study resistance mechanisms and for drug testing. By using PD models that retain the main characteristics and heterogeneity of the original tumors, patient tumors and their treatment response can be better represented in the laboratory, thereby bridging the gap between preclinical models and the clinic.

 3.1 Identification of treatment resistance mechanisms and biomarkers

Treatment resistance, relapse after therapy, and metastasis are urgent clinical problems in NB. A few studies have used PD models to identify diverse mechanisms implicated in NB invasion, migration, metastasis (64, 65), and resistance to specific chemotherapies (66). Using a clinically relevant treatment protocol (COJEC-induction therapy), NB PDXs show similar chemotherapy responses to their corresponding patients, suggesting that NB PDXs are useful for modelling chemoresistance and relapse (46). The models showed that chemoresistant NBs have a lower ADR signature and enrichment for an immature MES-like phenotype, suggesting an association between the MES cell state and relapse (46). These results are consistent with recent findings in the clinical setting (24, 67). The ability to accurately model treatment responses and their association with phenotypic cell states make in vivo PDXs a very promising tool to explore NB phenotypes in a reproducible manner, as well as characterizing the role of phenotypic plasticity in acquired and intrinsic resistance.

Reliable biomarkers for monitoring tumor responses are important for longer-term studies of relapse and resistance, and in clinical diagnostics. NB PDXs reproduce the patient’s relative levels of circulating metanephrines (68). Given that metanephrines are tumor progression biomarkers [plasma levels correlate with tumor volume (69)], this could pave the way for a minimally invasive method of monitoring tumor response/resistance in orthotopic PDX models. Another approach for monitoring responses is with gene signatures as recently optimized and used in a therapeutic study for high-risk relapsed NB in PD models (70).


 3.2 Drug testing

 3.2.1 Application in the preclinical setting

Preclinical PD model testing is now highly recommended for proof-of-concept studies of new drugs and drug combinations aiming for clinical trials in the pediatric population (8). Many NB targets identified in patients have been tested in PD models in vitro and in vivo, allowing the evaluation of specific responses in tumors harboring different underlying, molecular alterations. Some known genetic vulnerabilities in NB are still under investigation, while others, for example ALK, have been clinically tested (71, 72).  Table 1  presents an overview of recent preclinical drug investigations of established and novel NB targets that were identified and tested in PD models.

 Table 1 | Selected preclinical drug testing studies using NB patient-derived models. 



High-throughput screens (HTS) in vitro can facilitate the discovery of specific targets and/or drugs using CRISPR/siRNA or phenotypic response. Most screening approaches still use conventional cell lines, but more recently PDX-derived cultures of high-risk NB have been used for the initial identification, for example for a KSP inhibitor (77). Compounds identified in drug screens can be further verified in vivo in PDXs.

In our experience, PD models show high intra-model variability in drug response (46, 75, 77) and are often less responsive to different treatments than conventional cell lines and xenografts [discussed also in (29)]. The lower sensitivity of PD models could indicate an even smaller effect in patients, thus providing important information with respect to optimal clinical implementation.


 3.2.2 Application for precision medicine in the clinic

The possibility of identifying actionable genetic alterations in pediatric cancers has contributed to optimism that the approach is useful for clinical trial design and target identification for high-risk and relapsed pediatric tumors, including high-risk NB (71, 72). Langenberg et al. thoroughly summarized current pediatric precision medicine programs around the world (106). Many of the programs/consortia [Pediatric MATCH (US) or INFORM (Europe)] have enabled patients to receive treatments tailored to the individual tumor’s molecular profile (107–109). However, relatively few identified mutations (<30%) have led to targeted therapies (106, 107, 110). This highlights the need for molecular profiling of patients to be backed up by real-time functional testing of drug sensitivities in PD models.

Both the PIVOT (US, earlier PPTC) and ITCC-P4 (Europe) repositories hold PDXs. Considering that PDXs take time to establish, co-clinical avatar studies are generally very difficult. Nevertheless, the rarity of pediatric cancers and scarcity of models representing specific subtypes within pediatric tumors makes those repositories a valuable resource for the accelerated development and translation of novel therapeutics into early phase trials (34, 111, 112). Lau et al. developed a pediatric precision medicine platform (including a few high-risk NBs) of PDX models and HTS in PDOs, observing a correlation between PDX results, HTS-PDOs, and the clinical responses in patients (113). Importantly, the addition of functional drug testing to a genome-only analysis increased the number of patients with drug options by also identifying drug sensitivities not associated with molecular hallmarks (113).

Real-time drug testing for the immediate benefit of the patient is likely to be more feasible in PDO models where the time for establishment is much shorter and the readout can be performed with a higher throughput. The COMPASS consortium (Clinical implementation Of Multidimensional PhenotypicAl drug SenSitivities in paediatric precision oncology) is a large-scale effort to implement HTS in PD models. This European collaborative platform aims to implement PDO screening for individualized drug sensitivity assessment and therapy (114). Recently, the network also standardized drug scoring tools and developed machine learning approaches (115, 116).




 4 Current and future model optimization

Although the successful establishment of PD NB models is encouraging, certain aspects can still be improved. For example, the distribution and function of the extracellular matrix (ECM) has been shown to influence NB progression in patient samples (117, 118). Consistently, modulation of ECM components induces specific cell behaviors of PD NB cultures (63). Optimization of ECM conditions could thus contribute to improved NB modelling.

The lack of a complete immune system is a limitation of most PDX models, since PD tumors are generally implanted in immunocompromised mouse strains (e.g., NSG) to permit tumor engraftment. Reconstitution of a humanized immune system, for example by injection of human hematopoietic stem cells into sub-lethally irradiated mice, could improve the immune status of the models (119). A technically advanced humanized mouse strain (MISTRG) supports the intrinsic development of human natural killer (NK) cells after bone marrow transplantation (120). When combined with orthotopic NB PDXs, these mice have allowed the identification of immune modulating functions in common between PDXs and patient tumors and suggest that the model is useful for immuno-oncology studies in general and in NB in particular (121). The use of PDO and stromal/immune cell co-cultures can be applied in vitro, where it has been very challenging to optimize culture conditions for multiple cell types over longer periods (122, 123). Co-cultures of NB organoids and peripheral blood mononuclear cells (from a healthy donor) were recently used to test a novel immunotherapy (124).

Innovative technological advances have suggested that microfluidics (lab-on-a-chip) and bioprinting may provide future systems for studying tumor cell and stromal/immune cell interactions. Functional short-time cultures of both tumor cells and immune cells in a microfluidic system have been reported for adult cancers (125, 126) and might be applicable also to pediatric cancers. Very recently, the first bioprinted, vascularized NB microenvironment on a fluidic chip was reported (127). Implantation of cell line-derived NB spheroids led to NB cell survival for two weeks and successful micro-vessel infiltration of the spheroids (127). A different study managed to establish PD NB organotypic slice cultures that could potentially preserve an intact NB tumor microenvironment (88). This study used a perfusion-based bioreactor to force medium through the tissue, thereby providing continuous nutrient delivery to the whole tumor.

Orthotopic NB PDXs retain spontaneous metastatic capacity in vivo to the lungs, liver, and bone marrow, mimicking the entire process from primary tumor growth to invasion and metastasis (37, 39). However, the TME is generally murine (38) and there are uncertainties about cross reactivity between human NB cells and the mouse TME. The presence of human mesenchymal stem cells can increase growth and metastasis of NB cells in vivo (128), suggesting species preference. Recent advances in tissue engineering have produced in vivo models of humanized bone (so-called ossicles) in mice. Implanted PDX-derived NB cells form osteolytic tumor lesions in the ossicles and display higher and faster engraftment rates than in mouse bone (129). This model could thus be valuable for the investigation of human NB growth and treatment responses in a humanized metastatic niche.

Further optimization of PD models to account for more patient-like microenvironmental factors both in vivo and in vitro is ongoing and will likely contribute to improved translatability.


 5 Conclusions

The use of clinically relevant preclinical models is of immense importance in childhood cancers, such as high-risk NB, where the access to patient material is limited. PD models reflect the characteristics of the tumor of origin better than conventional in vivo and in vitro models. Nevertheless, ongoing efforts may further optimize their translational relevance. Existing NB PDXs and PD cultures have been – and continue to be – used to decipher therapy resistance and for target identification and drug testing. Future studies will need to investigate how PD models can be used to exploit phenotypic plasticity and NB cell states in preclinical studies to better benefit NB patients.
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Introduction

Medullary pancreatic carcinoma (MPC) is a rare subtype of pancreatic ductal adenocarcinoma. MPCs represent less than 1% of all pancreatic cancers, and, with only 26 cases in the literature, knowledge regarding drug response and treatment outcome is very limited.



Material and methods

We present the case of a 64-year-old male patient with MPC who was treated by left pancreatic resection and adjuvant chemotherapy. Due to local recurrence, the patient underwent intended curative reoperation. From both surgical specimens, patient-derived xenografts (PDXs) and, from the recurrence, a patient-derived cell line (PDCL) were established. We subsequently performed an in-depth characterization of this cell line including phenotypic characterization, surface protein expression, growth, and migratory performance as well as mutational analysis using whole-exome sequencing (WES). Additionally, in vitro drug sensitivity toward the standard-of-care chemotherapeutic regimen and selected targeted therapies was evaluated.



Results

The pathological and molecular properties of this rare MPC case observed in the patient’s tumors are preserved in the corresponding PDX and the PDCL of HROP68Tu2. Despite displaying an “immunogenic phenotype” with marked T-cell infiltration and a high-level expression of HLA II and Programmed death-ligand 1 (PD-L1), molecular analysis revealed microsatellite stability but a multitude of mutations affecting KRAS, TP53, KAT6B, FOXG1, RUNX1, and GRIK2 among others. Furthermore, HROP68Tu2 cells were susceptible toward 5-FU, irinotecan, oxaliplatin, gemcitabine, paclitaxel, and erlotinib as single agents, but only a moderate synergistic response was seen to the drugs of the FOLFIRINOX regimen. Even worse, the drugs of the two combinations gemcitabine plus paclitaxel and gemcitabine plus erlotinib showed antagonistic effects. Moreover, lapatinib, PRIMA-Met1, and olaparib selected as targeted therapeutics according to the mutational profiles and protein expression inhibited HROP68Tu2 cells’ growth.



Conclusion

This study illustrates the establishment of the first preclinical MPC models as well as the first in-depth characterization of an MPC PDCL. Since the scientific and clinical knowledge of this rare pancreatic cancer type is very limited, the presented models contribute to a better understanding of MPC and might be a valuable tool for the development of future treatment options.
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1 Introduction

Pancreatic ductal adenocarcinoma (PDAC) is the fourth leading cause of cancer-related death in the United States and the seventh worldwide (1, 2). Despite an increasing incidence, especially in countries with a high human development index, the prognosis remains dismal with reported 5-year survival rates ranging from 4.2% to 10% (1–3). Since most patients present with advanced cancer stages, only 10%–16% of the patients are eligible for resection, currently the only curative treatment option. Yet, those treated by surgery also show a poor prognosis with a median survival of 18 months and a 5-year survival rate of 15%–25% due to early local recurrence or metastasis (1, 4, 5).

Recent survival improvements are mainly attributed to intensified adjuvant and palliative chemotherapy regimens. In the adjuvant setting, modified FOLFIRINOX, a drug regimen comprised of folinic acid, fluorouracil (5-FU), irinotecan, and oxaliplatin, as well as the combination of gemcitabine with capecitabine has shown improved survival compared to gemcitabine monotherapy (6, 7). In locally advanced or metastatic stages, FOLFIRINOX and gemcitabine plus nanoparticle-bound paclitaxel are first-line treatment options (8). Nevertheless, most PDACs are characterized by a markedly low susceptibility to chemotherapy mediated by a specific tumor microenvironment with a dense desmoplastic reaction and the infiltrates of immune-suppressive cell populations as well as by a low tumor mutational burden (TMB) (9–11). In contrast, pancreatic medullary carcinoma (MPC), a rare subtype of PDAC, appears pathologically cell rich and low in stroma and is often characterized by a high TMB and microsatellite instability (12, 13). To the best of our knowledge, our group established the first patient-derived xenograft (PDX) and patient-derived cell line (PDCL) from a recurrent medullary pancreatic carcinoma, named HROP68Tu2, with distinct clinical, pathological, and molecular characteristics. In addition to the morphological and molecular characterization of the PDCL, the response to therapeutic agents was evaluated in vitro. 5-FU, irinotecan, oxaliplatin, gemcitabine, paclitaxel, and erlotinib were tested as single agents and in the clinically established combinations FOLFIRINOX, gemcitabine combined with paclitaxel (GemPac), and gemcitabine plus erlotinib (GemErlo). Since whole exome sequencing (WES) revealed a distinct mutational profile, and the tumor cells expressed high levels of HER2 and EGFR, the targeted drugs lapatinib, olaparib, and PRIMA-Met1 were additionally tested.



2 Materials and methods


2.1 Patient-derived xenograft and cell line establishment

The collection and processing of tumor tissue have been approved by the institutional review board of the University Medical Center Rostock (A 2018-0054). All animal experiments have been approved by the Landesamt für Landwirtschaft, Lebensmittelsicherheit und Fischerei Mecklenburg-Vorpommern under the registration numbers LALLF M-V/TSD/7221.3-1-007/19.

The tumor processing and establishment of PDX and PDCL were conducted as described previously (14, 15). In brief, after surgical en bloc resection of the tumor, a small tumor piece irrelevant for the evaluation of the resection margin was removed, cleaned, cut into cubes of 3 × 3 × 3 mm under sterile conditions, and cryopreserved immediately. Afterward, tumor specimens were thawed, incubated in Matrigel® (Corning, New York, USA), and subcutaneously implanted into the flanks of NSG mice. After reaching the required tumor size, mice were euthanized and PDX were explanted and cut accordingly for re-engraftment, histological examination, and snap freezing.

For cell line establishment, tumor tissue was mechanically dissected and passed through a 100 µm cell strainer. After centrifugation and resuspension in PBS, cells were seeded in a collagen-coated 6-well plate in a culture medium including antibiotics and antimycotics and incubated at 37°C in a humidified atmosphere of 5% CO2. As stable growth was observed, cells were transferred into a 25 cm2 culture flask with a standard culture medium (DMEM/F12 (1:1), 5% fetal calf serum (FCS), and 2 mM L-glutamine; all cell culture reagents were from PAN-Biotech, Aidenbach, Germany. Cells were regularly tested for mycoplasma contamination using the PlasmoTest™—Mycoplasma Detection Kit (In vivoGen, San Diego, CA, USA) according to the manufacturer’s protocol.



2.2 Short tandem repeat analysis

The concordance of HROP68Tu2 PDCL cells and healthy donor tissue was confirmed by short tandem repeat (STR) analysis as previously described (14). In short, DNA from donor tissue and tumor cells was isolated and the fragments of D5S818, D7S820, D16S539, D13S317, vWA, TPOX, THO1, CSF1PO, and Amelogenin were PCR-amplified with fluorescence-labeled primers. Subsequently, samples were size-separated and analyzed by automated capillary electrophoresis (Thermo Fisher Scientific, Waltham, MA, USA) (14).



2.3 Growth and migration

For doubling time determination, 4 × 104 HROP68Tu2 cells were seeded in a coated 24-well plate and allowed to attach for 72 h. To determine the mass of the vital cells, a crystal violet assay was conducted as described previously (16). Cells were stained with 0.2% crystal violet every 24 h in quadruplicates for six consecutive days and absorption was measured at 540 nm using the plate reader Tecan Infinite (Tecan, Männedorf, Switzerland). Migration speed was determined by the scratch assay. Cells grown to 100% confluency in a 6-well plate were switched to a serum-free medium and scratched with a 10 µl pipette tip. Three distances between edges were measured every 24 h for four consecutive days at 10× magnification using an inverted microscope (Carl Zeiss AG, Jena, Germany). The experiment was performed in independent triplicates.



2.4 Flow cytometry

The cell surface proteins of HROP68Tu2 cells were analyzed by flow cytometry using FACS Calibur (BD Bioscience, Franklin Lakes, NJ, USA) and open-source FCSalyser software. A panel of FITC-, PE-, and APC-conjugated antibodies was used for direct staining, targeting CD13, CD15, CD29, CD40, CD54, CD58, CD66adecb, CD71, CD86, CD95, HLA class I, HLA class II (Immunotools, Friesoythe, Germany); CD26, CD80, CD178 (eBioscience, Thermo Fisher Scientific, MA, USA); CD152, CD227 (Biolegend, San Diego, CA, USA); CD90 (Dianova, Eching, Germany); and CD326 (Miltenyi Biotech, Bergisch-Gladbach, Germany). Pembrolizumab (anti-PD-1), atezolizumab (anti-PD-L1), cetuximab (anti-EGFR), trastuzumab (anti-HER2), mesothelin (Biolegend, San Diego, CA, USA), and RP215 (Santa Cruz Biotechnologies, Dallas, TX, USA) were used as primary antibodies and labeled with FITC-conjugated polyclonal anti-human and anti-mouse IgG antibodies (Immunotools) for indirect staining.



2.5 Whole exome sequencing and microsatellite instability (MSI) score

The WES of the donor tumor tissue of HROP68 (primary and local recurrence as well as PDX models) was conducted by Centogene (Rostock, Germany) according to the protocol described by Trujillano and colleagues (17). In brief, DNA extraction was done using the QIAcube instrument with the QIAamp DNA Blood Mini QIAcube Kit (Qiagen, Hilden, Germany). In the exome, the target regions were amplified, and raw sequence data were analyzed. The HiSeq4000 platform (Illumina, San Diego, CA, USA) was used for sequencing. The used exome version was Centogene’s “CentoXome,” which covers approximately 33 Mb CCDS and is based on the Twist Bio Human Core Exome. Bioinformatic analysis was conducted as described by Matschos et al. (14). Pathogenetic classification was verified by an automated query to ClinVar (https://www.ncbi.nlm.nih.gov/clinvar/ accessed on 23.09.2022) followed by manual evaluation.

The MSI status of HROP68Tu2 was assessed using MSIsensor as described (18), a program that automatically detects somatic microsatellite changes, based on standard tumor-normal paired next- generation sequencing data. The number of somatic homopolymers and microsatellite sites is compared to the total number of sites. A percentage of 3.5%–20% somatic mutations is considered MSI-Low (MSI-L) and >20% MSI-High (MSI-H) (18).



2.6 In vitro drug response

The triplicates of HROP68Tu2 cells were seeded into a 96-well plate (1 × 104). After 24 h, chemotherapeutics were added with a serial dilution technique, sparing healthy controls. The medium and drugs, respectively, were changed after 96 h to avoid deterioration effects. After 168 h, the medium was discarded, and cells were rinsed with PBS and analyzed by the crystal violet assay as described above. All assays were performed in independent triplicates. Lapatinib, PRIMA-1Met and olaparib (Hölzel Diagnostika, Köln, Germany), 5-FU, irinotecan, oxaliplatin, gemcitabine, paclitaxel, and erlotinib as single agents plus the combinations FOLFIRINOX, GemPac, and GemErlo in molar ratios analogous to the clinical regimen were tested (FOLFIRINOX: 1.07 folinic acid, 1.00 irinotecan, 80.95 5-FU, 0.80 oxaliplatin; GemPac: 1.00 gemcitabine, 0.04 paclitaxel (19). GemErlo: 1.00 gemcitabine, 0.21 erlotinib (20)). Individual interactions between 5-FU, irinotecan, and oxaliplatin were not assessed as monotherapy or other combinations are not recommended for clinical use. To evaluate the drug interactions, combination indices (CIs) (CI > 1.3 indicates antagonism, and CI = 0.6–0.8 indicates moderate synergism (19)) were calculated using the following equation (19):

	



2.7 Statistics

IC50 and IC20 values were calculated and analyzed by an unpaired Student’s t-test using Graph Pad Prism 5 (Graph Pad Software, San Diego, CA, USA). P-values ≤ 0.05 were considered statistically significant.




3 Results


3.1 Clinical case

A 64-year-old man presented with an excessive weight loss of 13 kg and fatigue during the last 5 months. Contrast-enhanced computed tomography (CEPT) revealed a large tumor of the pancreatic tail (Figure 1), and the patient was referred to our clinic for primary resection. He had no history of smoking, alcohol abuse, or prior cancer and neither did his first-degree relatives. Pancreatic left resection with splenectomy removed a soft and fragile, encapsulated tumor mass. Adjuvant treatment comprised of two cycles modified FOLFIRINOX, subsequently switched to five cycles of gemcitabine due to 5-FU-induced coronary vasospasm. Follow-up CEPT exhibited local recurrence in the left upper abdomen 11 months after resection. Since no distant metastasis was diagnosed, radical en bloc resection including the left colonic flexure and adrenal gland was performed. Pathological examination stated the completeness of resection and confirmed the origin of this second tumor from the previously resected MPC. The patient presented with severe disorientation and motor aphasia 2 weeks after discharge. Brain magnetic resonance imaging revealed occipital and parietal metastases, which were then treated by stereotactic radiotherapy. Subsequently, palliative systemic therapy was commenced, adding up to four cycles of gemcitabine plus nab-paclitaxel and one cycle of gemcitabine monotherapy in total. Although additional treatment with pembrolizumab was scheduled, the patient succumbed early to rapidly progressive cerebral metastases 23 months after the primary resection.




Figure 1 | Radiological findings. First contrast-enhanced computed tomography (CEPT; A, B) of the thorax and abdomen revealed a large tumor (►) of the pancreatic tail, close to the splenic hilum with a pseudo-encapsulated appearance. Follow-up CEPT (C, D) showed isolated local recurrence (➤) with similar features in the left-upper abdomen and the retroperitoneum. Repeated magnetic resonance imaging scans of the brain showed a left occipital metastasis (➔) shortly after resection for local recurrence (E) and a rapidly progressing metastasis of the thalamus region (✱) over the course of palliative systemic treatment (F).





3.2 Pathology

The histologic examination of the primary tumor led to a diagnosis of MPC: the tumor was composed of solid sheets and nests of large polygonal neoplastic epithelial cells’ paucity of stromal components with polymorphous vesicular nuclei (Figure 2) in a stroma-poor background. Tumor borders were pushing and sharply delineated, and a brisk lymphocytic and histiocytic infiltrate was seen. A high mitotic index of 80%–90% and fairly large areas of tumor necrosis attested to a rapidly growing neoplasm. The tumor cells were immunohistochemically positive using a pan-cytokeratin cocktail (AE1/3) as well as Ber-EP4 and CK7 positive, whereas CK20, CDX2, HMB45, Hepar-1, LCA, and AFP immunostains were negative. Mismatch repair protein MLH1 and MSH2 expression was retained, molecular MSI testing (Bethesda markers plus the mononucleotide marker CAT25 (21) additionally confirmed a microsatellite-stable tumor. PD-L1 (clone 22C3) immunostaining was positive in approximately 20% of the tumor cells, albeit membranous immunostaining was weak, mostly; the tumor-infiltrating lymphocytes and histiocytes were PD-L1 positive throughout. This allowed the conclusion that this MPC was immunogenic.




Figure 2 | Pathological findings of the primary cancer. Hematoxylin–eosin stain (A; ×10) showed the solid sheets and nests of large polygonal neoplastic epithelial cells with a paucity of stromal components. Immunostaining for PD-L1 (B; ×20) and CD3 (C; ×10) reflected the immunogenic properties of the tumor.





3.3 Patient-derived xenograft establishment

Successful engraftment, defined as tumor outgrowth to a target volume of 1,500 mm3, was observed after the implantation of the primary resected tumor (HROP68Tu1) as well as the local recurrence (HROP68Tu2). In both cases, two out of two mice showed tumor outgrowth in at least one flank. HROP68Tu2 reached the target size 168 days after implantation. The growth kinetics of HROP86Tu2 compared well to those of other successfully engrafted pancreatic PDXs (n = 12) established from our group (Figure 3A). To confirm histopathological congruency with the original tumor and to exclude a potential murine lymphoma, a common pitfall in xenograft development, histologic sections (hematoxylin–eosin and PD-L1 immunostaining) were reviewed by an experienced pathologist (Figures 3B, C).




Figure 3 | HROP68Tu2 PDX. Growth kinetics of HROP68Tu2 (A) compared to other pancreatic PDXs with successful outgrowth in passage fT0 (n = 12). The in vivo growth of HROP68Tu2 did not differ from the median growth rate of other pancreatic PDX. The hematoxylin–eosin stain of the PDX (B; 20x) revealed a close resemblance to the original donor tumor (B). Tumor cells showed strong immunostaining for PD-L1 (C).





3.4 Morphology, growth kinetics, and migration of HROP68Tu2 cell line

A permanent 2-dimensional (2-D) cell line was established by immediate incubation of freshly resected tissue obtained from the secondary surgery (HROP68Tu2) as described before (22). After adaption to standard culture conditions, HROP68Tu2 cells were passaged more than 40 times as a permanent cell line. Cells were regularly tested negative for mycoplasma contamination. Cross-contamination or mix-up was excluded by STR analysis, confirming the donor–patient origin. HROP68Tu2 cells grew evenly as an adherent monolayer with heterogeneous cell size and morphology (Figure 4). Doubling time in the exponential growth phase was 89.56 h ( ± 17.46). Morphology and growth did not change significantly during 40 consecutive passages.




Figure 4 | Cell morphology of the primary cell line HROP68Tu2 in passage 11. Picture was taken using an inverted microscope at ×40 magnification.



Cells migrated with 1.78 µm/h ( ± 0.84) in a classical scratch assay. The migratory behavior appeared to be invasive as cells detached from the scratch’s edges and migrated into the scratch as single cells (Figure 5).




Figure 5 | Scratch assay. Cells were scratched using a 10 µl pipet tip. Pictures were taken using an inverted microscope at ×10 magnification.





3.5 Flow cytometric characterization

HROP68Tu2 cells´ expressions of surface proteins were evaluated by flow cytometry (Figure 6). Common epithelial and tumor markers were expressed to a variable extent: CD326 (EpCAM) (98.6% ± 1.7, MFI: 40.6 ± 3.1), CD227 (MUC-1) (58.4% ± 2.8, MFI: 7.8 ± 0.1), and CD66adecb (CEA) (38.2% ± 0.2, MFI: 5.0 ± 0.2). However, the epithelial markers CD15 (1.3% ± 0.6, MFI: 0.4 ± 0.3) and CD26 (7.3% ± 1.2, MFI: 0.4 ± 0.2) could not be detected. The adhesion marker CD29 (Integrin β - 1) was highly expressed (99.81% ± 0.01, MFI: 221.28 ± 19.23). A common pattern of the Fas receptor (CD95) (65.3% ± 11.6, MFI: 1.7 ± 0.3) and aberrant Fas ligand (CD178) (2.5% ± 0.9, MFI: 0.7 ± 0.3) expression was detected. HLA I expression was preserved homogeneously and with high intensity (99.7% ± 0.1, MFI: 165.6 ± 38.4). An average of 40.9% (± 12.0) of HROP68Tu2 cells expressed HLA II, albeit with low intensity (MFI: 1.8 ± 0.3). Furthermore, the cells expressed several proteins that are targets of antibody-based therapies. Matching the pathology report of the patient tumor, but even more so of the PDX, HROP68Tu2 cells showed homogeneous and high PD-L1 expression (95.9% ± 2.2, MFI: 26.5 ± 0.8). Furthermore, CD90 (84.0% ± 3.2, MFI: 5.1 ± 0.6) and CD40 (TNFRS5) (41.3 ± 1.83, MFI: 4.6 ± 0.3) expression was observed.




Figure 6 | Flow cytometry. Expression of surface markers in HROP68Tu2 cells: tumor markers/signaling/proliferation (CD326, CD66adecb, CD15, CD26, CD29, CD71, EGFR, HER2, mesothelin, and cancer IgG), drug resistance (CD227 and CD13), adhesion/cell–cell interaction (CD54, CD58, CD80, and CD86), death ligand and receptor (CD95 and CD178), and immunogenicity/immunosuppression (HLA I, HLA II, CD90, CD40, CTLA4, PD-1, and PD-L1) were assessed by flow cytometry using FACS Calibur. Positively stained cells are given in % ± SEM and MFI (mean fluorescence intensity) ± SEM.





3.6 Whole exome sequencing: Somatic mutations and MSI scoring

The overall number of somatic mutations was determined by the WES analysis of HROP68 tumor tissues (primary cancer and local recurrence), subtracting alterations from the reference genome observed in the normal DNA of the patient. In sum, there was a relatively high TMB with 486 somatic mutations for HROP68Tu1 and 729 for HROPTu2, as well as an even higher number of 1,498 for HROP68Tu1 T1 M2 and 1,964 for HROP68Tu2 T0 M2. The higher numbers on the PDX models likely reflect the high tumor cell purity and possibly the very short ischemic time between collection and snap freezing. No mutations were observed in the following MMR genes: MLH1, MSH2, MSH6, PMS2, and EPCAM (CD326). In addition, we discovered a non-coding POLD1 mutation in the PDX tissue of HROP68Tu2. Furthermore, the WES revealed a high amount of frameshift mutations, a total number of 92 in the primary tumor and 113 in the local recurrence, HROP68Tu1 T1 M2: 192 and HROP68Tu2 T0 M2: 154.

As can be depicted from Table 1, several mutations classified as pathogenic affecting tumor-relevant genes including KRAS and TP53 could be identified. The mutations in BRCA1 and TP53 were subsequently included as targets in a precision oncology fashion sensitivity testing.


Table 1 | Mutational profiling of the HROP68 primary tumor (HROP68Tu1), HROP68 recurrent tumor (HROP68Tu2), and their PDX models (HROP68Tu1 T1 M2 and HROP68Tu2 T0 M2).



Moreover, WES data were also used to calculate an MSI score, which was determined by MSIsensor to be 16.28% for the primary tumor and 13.77% for HROP68Tu2. In comparison: 23 other pancreatic cancer cases in our biobank had a mean MSI score of 3.09 (range 0.52 to 6.38). Taking the limit of MSIsensor for MSI-H of at least 20% into account, this analysis confirmed the absence of MSI-H, thereby matching the pathological findings. Still, when considering the relatively high TMB, the overall number of mutations reflecting frameshifts in coding genomic regions as identified by MSIsensor analysis, we consider HROP68 as an MPC with a low level of MSI (MSI-L).

The WES data obtained from Centogene as. vcf files are available upon reasonable request.



3.7 In vitro drug response

The treatment response of HROP68Tu2 was tested toward selected clinically approved therapeutics and several novel targeted drugs selected according to the observed somatic mutations and membrane receptors expressed by HROP68Tu2 cells. These were lapatinib due to the EGFR and HER2 expression, PRIMA-1Met because of the TP53 mutation, and, similarly, olaparib due to the BRCA1 mutation. HROP68Tu2 cells were sensitive toward all tested drugs within the therapeutic range as defined by achievable human plasma levels (Table 2).


Table 2 | Chemosensitivity of HROP68Tu2 toward single drugs: IC50 and IC20 values.



Next, the response to the clinically used combination therapy FOLFIRINOX was analyzed. Although a moderate synergistic effect of the drugs 5-FU, irinotecan, and oxaliplatin was observed, chemosensitivity to FOLFIRINOX compared to 5-FU alone was not significantly increased (p = 0.118). The interaction of the drugs involved can be judged by calculating a combination index (CI), which was in this case 0.71, thereby indicating a moderate synergistic effect for FOLFIRINOX (Table 3).


Table 3 | Drug interaction of FOLFIRINOX.



Contrary, combining gemcitabine with paclitaxel or erlotinib did not improve inhibitory effects compared to gemcitabine alone but rather showed antagonistic effects between gemcitabine and paclitaxel (GemPac; CI = 1.44, p>0.05) as well as gemcitabine and erlotinib (GemErlo; CI = 1.53, p>0.05) (Table 4).


Table 4 | Drug interaction of GemPac and GemErlo.






4 Discussion

Patient-derived tumor models are the cornerstone of preclinical and translational research (14, 15, 22) and are valuable tools for the evaluation of novel drugs or treatment options for rare diseases (16, 31). The consequent biobanking of all resected pancreatic cancers at our department provided the opportunity to seize this rare case of primary and recurrent MPC, as well as to establish PDX from both the surgical specimen and a PDCL. The establishment of stable cell lines derived directly from the fresh surgical PDAC specimen is rarely successful, which can be mostly attributed to a low tumor–stroma ratio frequently causing fibroblastic overgrowth (32, 33). The positive model establishments of HROP68 might thus be mostly attributable to the high tumor–stroma ratio diagnosed in this case.

Generally, the evaluation of treatment efficacy for the individual PDAC patient is challenging since long-term survival remains an exception. This is explained by the intrinsic chemoresistance of PDAC, attributable to the large and dense tumor stroma, decreasing microvascularity and thereby drug delivery, to the epithelial cancer cell nests embedded into this stroma (34, 35). Due to the paucity of stromal components in HROP68, this relationship is unlikely in this case and might explain the observed drug responses of the present study. Compared to published data from many long-term established PDAC cell lines, HROP68Tu2 cells were highly responsive to gemcitabine but only moderately to 5-FU. Moreover, a moderate synergism was observed between the components of the FOLFIRINOX regimen. Contrary to that, an antagonistic interaction was observed for the combination of gemcitabine with both paclitaxel and erlotinib. However, due to the rareness of MPC, the comparison of these results with clinical data or even the retrospective translation of the presented case into the clinical context is hardly possible.

PDAC are bona fide non-immunogenic due to their low TMB; only 1%–2% of PDAC exhibit high levels of MSI, which is typically associated with a hypermutated phenotype (36). However, the associations of MSI to a medullary and mucinous histology have been described (37). Despite the high level of T-cell infiltration, the hallmark of ongoing immune recognition, observed in HROP68, the case was diagnosed as MSS both by immunostaining with a retained expression of the mismatch repair proteins MLH1 and MSH2, as well as by molecular microsatellite stability testing. Somehow challenging this diagnosis, WES analysis, however, identified a proportionally large number of somatic mutations, including a relevant fraction of insertions and deletions leading to frameshift mutations in coding regions. The latter translates to an elevated score in the MSIsensor analysis, albeit not reaching the 20% threshold to allow formally judging the case as MSI-H. Mutations of other candidate genes associated with a high TMB, like POLE (38), POLD1 (39), and MUTYH (40), could not be detected in the clinical samples, although the PDX HROP68Tu2 T0 M2 harbored a POLD1 mutation of uncertain significance. By applying a less rigorous tertiary data interpretation of the WES analysis, likely pathogenic mutations of DNA repair genes, known to be associated with an increased TMB and immunogenicity, like PALB2, ATR, and CHECK2 (41–43), were identified. However, when summing up all pieces of information, the uncommonly high TMB (44), combined with the MSI score, led us to the conclusion that HROP68 is an MSI-L MPC.

Although mutations of BRCA1/2 in PDAC are associated with increased survival due to a higher susceptibility to platinum-based chemotherapy (45, 46), this observation could not be confirmed for HROP68, harboring a BRCA1 mutation. While BRCA-mutated ovarian cancers respond well to the inhibitors of the poly-ADP ribose (PARPi), the PARPi olaparib improved progression-free survival in metastatic PDAC patients with a germline BRCA mutation but failed to improve overall survival (47, 48). In our study, olaparib had an inhibitory effect on HROP68Tu2 cells in vitro.

Similarly successful, HROP68Tu2 cells showed marked susceptibility to the tyrosine kinase inhibitors erlotinib and lapatinib, which were selected as targeted agents due to the homogeneous and high expression of EGFR and HER2. In the clinical setting, erlotinib led to small survival benefits, but lapatinib recently failed to improve the survival of patients with metastatic PDAC (49, 50).

The TP53 mutation displayed by HROP68 is classified as uncertain significance in the ClinVar database. However, it might be pivotal regarding the proliferation of HROP68 cells since it replaces a cysteine on the protein level and this, together with the loss of the second allele, likely results in a loss of proper protein function. Our data of the PRIMA-Met1 treatment response support this hypothesis since this drugs’ ability to restore wild-type p53 conformation has been shown for several mutant p53 proteins (51). The clear impact of PRIMA-Met1 on HROP68Tu2 cells would thus deliver evidence for the pathogenic character of the Cys277Phe p53 mutation with the dbSNP-ID rs763098116.

The immune landscape and interplay between various cell types contributing to immune evasion and a pro-inflammatory microenvironment are complex and not fully understood (52). On one hand, HROP68Tu2 showed a robust and homogeneous expression of HLA I as well as the expression of HLA II, CD58 (LFA3), and CD54 (ICAM1), allowing recognition by antigen-specific immune cells. On the other hand, the homogenous expression of PD-L1, CD90, and CD40 probably facilitated T-cell inactivation and likely immune evasion. PD-L1 expression is uncommon in PDACs and can only be found in 3% of cases (53). Although Le et al. (54) reported promising results for the efficiency of the PD-L1-inhibitor pembrolizumab for the treatment of different solid, MSI-positive tumors, the tumor response to pembrolizumab in MSI-positive PDCAs was rather modest with 18% in the KEYNOTE-158 Study (54, 55). Due to the uncommon combination of proteins expressed by HROP68 tumor cells, we consider it likely that an early application of checkpoint inhibitors in the clinical course of this patient might have improved the outcome, at least the overall survival time. It is one of the weak points of the current study that autologous immune analyses have not (yet) been performed in vitro using the HROP68Tu2 cell line and the peripheral as well as tumor-infiltrating T cells of the patient. Such analyses are planned, but, due to the restricted number of T cells available in our biobank, they shall be combined with an analysis of tumor-specific antigenic epitopes presented by HROP68Tu2 cells.

In summary and to the best of our knowledge, the PDX and PDCL of HROP68Tu2 are the first preclinical models established from an MPC. Although their preclinical implications are limited by the rarity of MPC, they are perfect tools for the establishment of novel drugs in the context of this rare subset of PDAC. Moreover, the observed good in vitro responses toward several drugs tested also emphasize the necessity to evaluate therapeutic options on a patient–individual level, i.e., precision oncology, in order to optimize the clinical outcome, especially for rare cancer cases.
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Introduction

Genetically characterized patient-derived tumor xenografts (PDX) are a valuable resource to understand the biological complexity of cancer and to investigate new therapeutic approaches. Previous studies, however, lack information about metabolic features of PDXs, which may limit testing of metabolism targeting drugs.



Methods

In this pilot study, we investigated by immunohistochemistry (IHC) expression of five essential metabolism-associated markers in a set of lung adenocarcinoma PDX samples previously established and characterized. We exploited digital pathology to quantify expression of the markers and correlated results with tumor cell proliferation, angiogenesis and time of PDX growth in mice.



Results

Our results indicate that the majority of the analyzed PDX models rely on oxidative phosphorylation (OXPHOS) metabolism, either alone or in combination with glucose metabolism. Double IHC enabled us to describe spatial expression of the glycolysis-associated monocarboxylate transporter 4 (MCT4) marker and the OXPHOS-associated glutaminase (GLS) marker. GLS expression was associated with cell proliferation and with expression of liver-kinase B1 (LKB1), a tumor suppressor involved in the regulation of multiple metabolic pathways. Acetyl CoA carboxylase (ACC) was associated with the kinetics of PDX growth.



Conclusion

Albeit limited by the small number of samples and markers analyzed, metabolic classification of existing collections of PDX by this mini panel will be useful to inform pre-clinical testing of metabolism-targeting drugs.





Keywords: NSCLC, metabolic classification, OXPHOS metabolism, IHC, digital pathology



1 Introduction

In the last decade, many studies uncovered the metabolic complexity and heterogeneity of cancer. By using advanced technologies such as transcriptomics or metabolomics, distinct metabolic entities have been identified in the main types of human tumors, enabling metabolic classification of human tumors (1–3). Some studies classified tumors based on high, intermediate and low metabolic activity, inferred from expression levels of metabolism-related gene sets (4, 5), whereas others stratified tumors into glycolytic or oxidative metabolism classes according to expression levels of genes/metabolites belonging to glycolysis or oxidative phosphorylation (OXPHOS) (6–8). Recently, a pathway-based classification was proposed in brain tumors based on single cell RNA sequencing, including both mitochondrial and glycolytic/plurimetabolic subtypes endowed with different clinical outcomes (9).

With regard to NSCLC, a landmark study using intraoperative (10)C-glucose infusions in patients compared metabolism between tumors and benign lung and reported marked heterogeneity in tumor metabolism in vivo, but also highlighted the strong influence of the microenvironment on this feature (11). Additional studies described lactate uptake and its utilization as a fuel by lung cancer cells (12) and uncovered the role of the microenvironment as determinant of the metabolic phenotype of lung cancer cells in vivo (13). Numerous studies have delineated how cell-intrinsic factors, such as oncogenic lesions or epigenetic events, alter cellular metabolism, causing phenotypes characterized by increased glycolysis (10, 14) or other metabolic alterations, as reviewed by B. Majem et al. (15).

When approaching the complexity of cancer metabolism, it can be useful to adopt a simplified classification of tumors into “glycolytic” and “OXPHOS” subsets (6–8). Glycolytic tumors uptake glucose and preferentially metabolize it via glycolysis to lactate, which is exported from cells via monocarboxylate transporters (MCTs), such as MCT4 (16). In contrast, OXPHOS tumors can utilize several substrates as mitochondrial fuels, the main being represented by glutamine and fatty acids (FA) (17).

In this study, we set-up a panel of immunohistochemistry (IHC) markers including some enzymes and/or transporters belonging to these key metabolic pathways, implementing a panel that we recently used to profile patient-derived xenograft (PDX) samples from ovarian cancer (18). For the purpose of this pilot study, we considered monocarboxylate transporter 4 (MCT4) as proxy of glycolysis (16, 19), acetyl CoA carboxylase (ACC), fatty acids synthase (FAS) and carnitine palmitoyl transferase 1A (CPT1A) as proxy of FA metabolism (20, 21) and glutaminase (GLS) as proxy of glutamine metabolism (22).

We exploited this panel to investigate by IHC expression of these essential metabolism-associated markers in a set of previously established lung adenocarcinoma PDX samples. We exploited digital pathology to quantify expression of the markers and correlated results with tumor cell proliferation and angiogenesis, time of PDX growth and with known driver mutations of the cancer cells. Metabolic classification of existing collections of PDX by this mini panel will be useful to inform pre-clinical testing of metabolism-targeting drugs.



2 Material and methods


2.1 Patient data

Tumor samples were collected as described by Moro et al. (23). Samples of primary non small-cell lung cancer (NSCLC) were obtained from patients undergoing surgical resection, who gave their informed consent after approval from the Internal Review and the Ethics Boards of the Fondazione IRCCS Istituto Nazionale Tumori and all methods were performed in accordance with institutional guidelines and regulation and with the declaration of Helsinki. Patient data relevant to this study are reported in Table 1.


Table 1 | Clinical and biological features of the NSCLC patient-derived xenografts (PDXs) utilized in this study.





2.2 Generation of lung cancer xenografts

PDXs were generated as previously described (24). Once mice developed tumor, they were sacrificed by cervical dislocation. The tumors were harvested by dissection and fixed in formalin and embedded in paraffin for histology and immunohistochemistry analyses. All procedures involving animals and their care conformed to institutional guidelines that comply with national and international laws and policies (EEC Council Directive 86/609, OJ L 358, 12 December 1987) and were authorized by the Italian Ministry of Health.



2.3 Histology and immunohistochemistry

Four-micron-thick formalin-fixed, paraffin-embedded (FFPE) tumor samples were stained either with hematoxylin and eosin or processed for IHC, which was performed by using the automatic stainer BOND III, (Leica Microsystems, Wetzlar, Germany). The following antibodies were used, according to the manufacturer’s instructions: anti-ACC Rabbit mAb detecting all isoforms of human ACC (clone C83B10, Cell Signaling Technology, dilution 1:100), anti-CPT1A Goat pAb (Novus Biologicals, dilution 1:300), anti-FAS Rabbit mAb (clone C20G5, Cell Signaling Technology, dilution 1:100), anti-GLS Rabbit mAb (clone EP7212, Abcam, dilution 1:200), anti-Ki67 (clone MIB-1, Dako Omnis, dilution 1:50), anti-LKB1 Mouse mAb (clone Ley 37D/G6, Santa Cruz Biotechnology, dilution 1:100), anti-MCT4 Mouse pAb (clone D-1, Santa Cruz Biotechnology, dilution 1:200) and anti-CD31 Rat mAb (clone SZ31, DIANOVA, dilution 1:40). Liquid diaminobenzidine (DAB; Bond Polymer Refine Detection, Leica Biosystems, Newcastle, UK) was used as a chromogenic agent and sections were counter-stained with Mayer’s hematoxylin. For the double staining with the anti-GLS Rabbit mAb and anti-MCT4 Rabbit pAb the DAB chromogenic agent and the Green chromogen (Bond Polymer Refine HRP-PLEX Detection, Leica Biosystems, Newcastle, UK) were used in a sequential assay (further details are listed in Table 1, Supplementary Materials).



2.4 Image acquisition and analysis

Tumor representation and quality of staining were initially evaluated by one experienced pathologist (GE). Slides were digitally acquired at 200x magnification by the Aperio CS2 (Leica Biosystems, Wetzlar, Germany) and the evaluation of IHC score was assessed through the ScanScope Image Analysis software (ImageScope v12.4.0.708). On the basis on their localization, the different markers were analyzed by using the Aperio membrane algorithm v9 (MCT4), the Aperio cytoplasmic algorithm v2 (GLS, CPT1A, FAS, ACC, LKB1), the Aperio nuclear algorithm (Ki67) and the microvessel analysis v1 (CD31), as previously described (18). Aperio Genie Classifier was trained to recognize tumor tissue, stroma and background (glass) and then combined with Aperio Membrane v9 and Aperio Cytoplasmic v9. Results provided the percentage of cells with different expression levels of proteins classified in 3+ (highly positive), 2+ (intermediate positive), 1+ (low positive) and 0 (negative) in the case of MCT4, ACC, LKB1 and Ki67 markers. The sum of percentage of marker positive cells for these 4 tiers equals 100%. Due to the lack of differences in intensity of expression, in the case of GLS, FAS and CPT1A markers results provide the percentage of marker positive cells (1+). Digital quantification performed by the software was verified by the pathologist (GE). Expression of the metabolism-associated markers was calculated according to the H-score system (reviewed in (25):), using as input digital pathology data, and values range between 0 and 300.



2.5 Statistical analysis

Data were analyzed with RStudio (RStudio: Integrated Development for R. RStudio Inc., Boston, MA, US). Quantitative variables were summarized as median and interquartile range. A descriptive analysis of the strength of relationship between the levels of all the considered markers was performed using the Spearman rank correlation coefficient. A two-tailed Mann-Whitney test was used to address the comparisons of each marker distribution between TP53, KRAS, LKB1 mutational status and between maximal growth inhibition levels (≤50% vs >50%). Survival times were estimated with the Kaplan Meier method and compared among groups of markers with the log-rank test. Each marker was dichotomized with cut-off corresponding to the most significant relation with the outcome, estimated from maximally selected log-rank statistics from the ‘maxstat’ R package and the association with the outcome was tested in univariate Cox proportional hazards regression models. P-values were not adjusted for multiple comparisons.




3 Results


3.1 Selection of metabolism-associated markers and panel set-up

We analyzed by IHC expression of the following markers in PDX sections: MCT4, GLS, CPT1A, FAS, and ACC. These markers identify key transporters or enzymes involved in glycolysis (MCT4), glutamine (GLS), and fatty acid metabolism (CPT1A, FAS, ACC). For all markers analyzed, the algorithm first identifies tumor cells and then quantifies expression levels according to the tiering system described in the methods section.

We performed IHC and digital pathology analysis of the expression of the five metabolism-associated markers in all 17 PDX samples (Table 2; Supplementary materials). Representative pictures of one PDX sample stained for each marker and the related mark-up of the analyzed tissue are presented in Figure 1. Detailed digital pathology results are presented in Table 2, whereas some representative pictures showing expression of the five markers in PDX samples are shown in Figure 2.




Figure 1 | Visualization of the Aperio algorithms used to quantify metabolic markers expression in tissue (original magnification 100x and 200x, scale bar represents 100 μm or 50 μm, respectively). On the left, representative images of PDX LT 128 sections stained for ACC, FAS, GLS, MCT4 and CPT1A (hematoxylin counterstain). On the right, images showing the final mark-up of the sample. Quantification of the marker expression is shown below each panel: positive (1+/brown) or negative (0+/yellow) for CPT1A, FAS and GLS staining; strong (3+/brown or red), moderate (2+/orange), or weak (1+/yellow) for ACC and MCT4 staining. Negative/0+ cells show only hematoxylin counterstain.




Table 2 | Quantification of marker expression in lung adenocarcinoma PDXs by digital pathology.






Figure 2 | Representative pictures of four PDX (LT 215, LT 255, LT 323 and LT 458) stained for the selected metabolism-associated markers: ACC, CPT1A, FAS, GLS and MCT4 (original magnification 200x, scale bar represents 50 μm). The labels “High” and “Low” below each panel indicate the stratification of the sample according to the median value of expression of the marker according to digital pathology analysis, as detailed in the M&M section.



With regard to the pattern of expression of these metabolism-associated markers in tumors, we found intra-tumor heterogeneity in three out of seventeen PDX samples stained with MCT4 (LT 111, LT 255, LT 431) and one PDX sample stained with GLS (LT265). In all other cases, heterogeneous expression of the metabolic markers was not observed. Representative pictures illustrating heterogeneous expression of MCT4 and GLS are shown in Supplementary Figures 1 and 2. Notably, in 2 out of 3 PDX samples, MCT4-positive cells were located near the necrotic areas, likely underscoring the well-known hypoxia-driven upregulation of MCT4 expression. We conclude that intra-tumor heterogeneity occurs at a limited degree for most of the markers analyzed.

Considering the possible heterogeneous expression of these markers in different tumor samples, to assess the consistency of our findings, we performed IHC staining of MCT4, GLS, ACC, FAS and CPT1A in 8 additional samples obtained by implantation of the same specimen (LT66, LT111, LT141, LT 220, LT255, LT267, LT278, LT458) in different mice. Quantification of the markers and statistical analysis by the Wilcoxon test did not show significant differences between replicates for each biomarker, except for FAS (p-value 0.01).

Based on median values of the H-score, the metabolism-associated marker most abundantly expressed in these PDX samples was GLS (228.41), followed by ACC (170.05), MCT4 (108.74), FAS (32.78) and CPT1A (19.87). For descriptive purposes, we stratified PDX samples into two groups (high and low), based on the expression of each marker above or below the median value. We defined as plurimetabolic those PDX which showed high expression of the glycolysis-associated marker MCT4 in combination with one or more of the OXPHOS-associated markers (GLS, FAS, ACC, CPT1A). Plurimetabolic PDX (n = 9, 53%) included LT66, LT128, LT215, LT220, LT265, LT267, LT273, LT431 and LT458.

To investigate the pattern of expression of some these markers in plurimetabolic tumors, we set-up double IHC for MCT4 and GLS. Interestingly, plurimetabolic PDX samples showed co-expression of the two markers by variable proportions of tumor cells, as shown in Figure 3. In some PDX (LT 267 and LT128) a substantial (>50%) of cells co-expressed MCT4 and GLS. In all other plurimetabolic PDX, however, MCT4 and GLS were expressed mainly by different tumor cells which were located in the same spatial region of the tumor (Figure 3).




Figure 3 | Plurimetabolic PDX showing expression of MCT4 (membrane, brown staining) and GLS (cytoplasm, green staining) by the tumor cells (two representative pictures in panel (A, B), original magnification 200x, scale bar represents 50 μm). Relative percentage of PDX’s double stained (MCT4/GLS) cells is reported as histogram (C). Red line indicates the median value of MCT4/GLS co-expression (32%).



Six out of 17 samples (35%) were classified OXPHOS, as they expressed OXPHOS markers but not MCT4 and included LT111, LT138, LT255, LT278, LT305 and LT323.

Altogether, these results suggest that OXPHOS is the main metabolic pathway sustaining energy and macromolecules production in the large majority (15/17, 88%) of these lung adenocarcinoma PDX samples, alone or in combination with glycolysis. Finally, two PDX (LT497 and LT141) expressed all markers at relatively low levels, suggesting utilization of other metabolic pathways not covered by the IHC panel.



3.2 Association between markers

As the markers selected identify key metabolic processes, it was interesting to investigate possible associations between the markers. This analysis disclosed that ACC was positively associated with CPT1A (r = 0.47) with borderline significance (Table 3), fitting the known biochemical role of these enzymes in FA metabolism (26). No other associations were found between the other metabolic markers analyzed (Table 3).


Table 3 | Association between the analyzed markers.



CPT1A levels were significantly higher in KRAS-wt NSCLC PDX samples (p=0.010). No further associations between the metabolism-associated markers and recurrent TP53 and LKB1 gene mutations were found.

Finally, since alterations of LKB1 are relatively common in lung adenocarcinoma (27), and in view of the established role of this serine/threonine kinase in the regulation of metabolism (28), we assessed LKB1 expression in these tumors by IHC (Supplementary Figure 3). Among PDX samples with low LKB1 expression, three (LT 128, LT273 and LT 458) were known to bear disruptive LKB1 mutations (Table 1), whereas two (LT 305 and LT323) had LKB1 WT sequence, suggesting epigenetic down-regulation of LKB1 protein expression. Interestingly, we found a significant positive association between LKB1 and GLS expression (r= 0.59, Table 3).



3.3 Association with proliferation and angiogenesis

Next, we investigated whether expression of any of these markers was associated with proliferation, in view of the well-established link between certain metabolic processes and proliferation (29). We found that the proliferation marker Ki67 in tumor sections was positively associated with GLS (r=0.59) and FAS (r=0.52). In contrast, no association was found between Ki67 and any of the other metabolic markers; LKB1 was also positively associated with Ki67 in this dataset (r = 0.62) (Table 3).

Angiogenesis is a biological process which strongly contributes to tumor growth and is partially regulated by metabolic features of tumors, such as the production of lactate by highly glycolytic tumors (30). We analyzed possible associations between expression levels of the five metabolism-associated markers and microvessel density (MVD), calculated based on quantification of CD31 positive cells, as readout of angiogenesis (Supplementary Figure 3). Results, however, did not disclose any significant association (Table 3), perhaps due to the low number of samples analyzed.



3.4 Association with the kinetics of tumor growth

Finally, we investigated the association between the metabolism-associated markers and the kinetics of tumor growth in mice, indicated by the parameter time to transplantation (TT – time from implant to explant) and the initial latency time (LT) (Table 4A, B, respectively). For this analysis, PDX samples were stratified into two groups based on the value of the marker obtained by maximizing its discriminative ability (best cut-off). The only marker positively associated with tumor growth in mice was ACC (Table 4 and Figure 4). Among other markers analyzed, LKB1 was not associated with TT.


Table 4 | Association of the metabolic-associated markers with the kinetics of tumor growth.






Figure 4 | Positive correlation of ACC expression with tumor growth. (A, B) ACC expression was quantified by Aperio Cytoplasmic v9 algorithm. The panels show representative samples with low (LT 141) and high (LT 305) ACC expression levels (original magnification 200x for upper panels or 100x for lower panels, scale bar represents 50 or 100 μm, respectively). (C) Kaplan-Meier curves show faster growth of PDXs with high ACC expression levels. The best cut-off value used to generate this curve was 75.176. Statistical significance was calculated with the log-rank test (D) Kaplan-Meier curves show shorter latency time of PDXs with high ACC expression levels. The best cut-off value used to generate this curve was 176.96. Statistical significance was calculated with the log-rank test.



Finally, we tested the correlation between marker expression and tumor volume at sacrifice calculating Spearman’s rank correlation coefficient. We included in the analysis all samples available (n=24, including also the PDX specimens with two replicates). MCT4, ACC, FAS and CPT1A have a weak to moderate correlation (r MCT4 = 0.26, r GLS = 0.20, r ACC = 0.43, r FAS = 0.35, r CPT1A = 0.26) and ACC was the only marker statistically significant (p = 0.03), in line with the above results of correlations with LT and TT parameters. Moreover, plurimetabolic PDX positively correlated with tumor volume at sacrifice: the median tumor size for pluri-metabolic PDX was 700 mm3 (n = 11), versus a median tumor size of 500 mm3 (n= 13) for the OXPHOS group (p = 0.03, Mann-Whitney test).




4 Discussion

PDX are a valuable resource both to understand the biological complexity of cancer and to investigate new therapeutic approaches in pre-clinical models considered closer to the patients compared with other available in vivo models. PDXs have been reported for many types of solid tumors (31). In the case of lung cancer, several groups established PDX models (32–36) and reported their genetic fingerprint (23, 37). This associated genetic information was key to the discovery of new targets, such as the identification of HER2 as an effective therapeutic target in cetuximab-resistant colorectal cancer (38). In all previous studies, however, there is a lack of information about the metabolic features of PDXs. This gap may limit testing of metabolism targeting drugs, whose therapeutic activity is likely dependent on the metabolic set-up of tumor cells, as shown by several recent studies (39). Moreover, it appears that specific metabolic activities of cancer cells also modulate response to conventional chemotherapies (8) and therapeutic resistance (39, 40), suggesting that metabolic features should be taken into consideration when new drugs are tested in PDX models.

Although comprehensive metabolic portraits of tumors are best obtained through mass-spectrometry-based analysis, we propose a simplified metabolic classification of tumors using quantitative measurement of the expression at protein level of well-established enzymes or transporters involved in key metabolic pathways. In this pilot study, we tested the feasibility of this approach in a small subset of NSCLC PDX, previously established and characterized by M. Moro et al. (23). These NSCLC PDX retained the key genetic alterations of the matched patients tumor samples and were also shown to reproduce their main metabolic features, as shown by [18F]FDG PET imaging studies (41).

Our results indicate that the majority of the analyzed models rely on OXPHOS metabolism, either alone or in combination with glucose metabolism. Notably, 9 out of 17 PDX showed a plurimetabolic phenotype, with co-expression of MCT4 and GLS at high (above the median value) levels. Double IHC disclosed that in some plurimetabolic PDX the two markers were co-expressed by the same tumor cells, whereas in others MCT4 and GLS were mostly expressed by different cells which, however, clustered in the same spatial area of the tissue. While plurimetabolic tumors have been identified also by using other techniques, such as single cell RNAseq (9), imaging of metabolism-associated markers by quantitative IHC has the advantage to enable spatial localization of the two signals. This feature will likely be increasingly important in future studies to better understand metabolic heterogeneity of tumors. We highlighted a correlation between LKB1, GLS and Ki67 expression levels, although we did not explore the exact spatial localization of Ki67+ cells and that of the other associated markers, which represents a limitation of our pilot study. LKB1 is a tumor suppressor that acts by suppressing growth under energetic stress conditions, through its action on the AMPK/mTOR pathway (28). A positive correlation between LKB1 and Ki67 may seem counter-intuitive, especially for tumors that grow under the pressure of a non-orthotopic murine microenvironment. Nevertheless, our observation suggests that LKB1 wild type NSCLC rely on glutamine consumption to sustain the proliferation induced by hyperactivation of oncogenes such as KRAS (Table 1). Glutamine sustains cell growth as a nitrogen source for the synthesis of purine and pyrimidine bases, and it is also important for maintaining redox homeostasis within highly proliferating cells (42). Furthermore, a strong correlation of glutamine dependency with cell proliferation has been observed in a landmark study involving hundreds of cancer cell lines (43). A higher dependency on glutamine-related ROS detoxyfication activity has been reported for KRAS/LKB1/KEAP1 triple mutants compared to KRAS/LKB1- or KRAS-mutated NSCLC (44). However, in the same manuscript a reduction of ATP production upon glutaminase inhibition was reported also in LKB1 wild type NSCLC cells. ATP reduction leads to cell growth arrest through activation of the LKB1/AMPK pathway. Since the energetic stress induced by biguanides in LKB1 mutated NSCLC models has been reported to cause apoptotic cell death (45), inhibiting at the same time GLS and AMPK activity may represent a new therapeutic option to investigate in NSCLC LKB1 wild type preclinical models.

Of note, we reported here a correlation between PDX in vivo growth rate, measured as time-to-transplantation (TT) and ACC expression. PDXs grow in vivo with a two-step kinetic; after an initial latency time (LT) tumors start growing “exponentially”. LT may be considered as a measure of the time needed by tumor cells to productively interact with the murine microenvironment. Both LT and exponential growth contribute to TT. Interestingly, correlation between LT and ACC expression was also significant (Figure 4). Thus, ACC seems to be related to tumor growth when these interactions are being established. Speculatively, lipid metabolism within PDXs may be important for in vivo increase in tumor growth by inducing the recruitment of stromal cells, such as fibroblasts and innate immune cells. Alternatively, ACC could modulate cell autonomous features of cancer cells, although ACC expression did not correlate with cell proliferation markers (Ki67). Finally, lipid metabolism could regulate tumor cell apoptosis, which we did not evaluate in these samples. As note of cautiousness, given the small number of PDX analyzed, hypothesis about the prognostic role of ACC in NSCLC need to be confirmed by larger studies involving either PDX or patients’ samples.

In conclusion, results of this pilot study support the feasibility of a metabolic classification of NSCLC PDXs based on quantification of IHC markers by digital pathology. There are, however, some intrinsic limitations of our study, including the small number of PDX samples and markers analyzed, the limited investigation of the spatial distribution of the different markers and the lack of orthogonal validation of findings by state-of-the-art techniques used to study tumor metabolism. Additional constraints are represented by the lack of comparison between the PDX and the original primary tumor and lack of validation between the metabolic characterization and response to metabolic therapies. Therefore, additional studies will be required to consolidate these preliminary results and identify additional markers for a refinement of the proposed panel. Finally, larger cohorts of samples need to be analyzed to establish the possible prognostic or predictive value of these metabolism-associated markers in NSCLC.
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Lung cancer is one of the most prevalent, fatal, and highly heterogeneous diseases that, seriously threaten human health. Lung cancer is primarily caused by the aberrant expression of multiple genes in the cells. Lung cancer treatment options include surgery, radiation, chemotherapy, targeted therapy, and immunotherapy. In recent decades, significant progress has been made in developing therapeutic agents for lung cancer as well as a biomarker for its early diagnosis. Nonetheless, the alternative applications of traditional pre-clinical models (cell line models) for diagnosis and prognosis prediction are constrained by several factors, including the lack of microenvironment components necessary to affect cancer biology and drug response, and the differences between laboratory and clinical results. The leading reason is that substantial shifts accrued to cell biological behaviors, such as cell proliferative, metastatic, invasive, and gene expression capabilities of different cancer cells after decades of growing indefinitely in vitro. Moreover, the introduction of individualized treatment has prompted the development of appropriate experimental models. In recent years, preclinical research on lung cancer has primarily relied on the patient-derived tumor xenograft (PDX) model. The PDX provides stable models with recapitulate characteristics of the parental tumor such as the histopathology and genetic blueprint. Additionally, PDXs offer valuable models for efficacy screening of new cancer drugs, thus, advancing the understanding of tumor biology. Concurrently, with the heightened interest in the PDX models, potential shortcomings have gradually emerged. This review summarizes the significant advantages of PDXs over the previous models, their benefits, potential future uses and interrogating open issues.
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1 Introduction

Lung cancer, also termed known as bronchogenic carcinoma, is a malignant lung tumor originating in the lung parenchyma or within the bronchi, accounting for approximately 22.7% of malignant tumors. Lung cancer development involves complex and multiple factors and genes. There are more than 50 subtypes of lung cancers broadly classified into small cell lung cancer (SCLC) and non-small cell lung cancer (NSCLC), which account for 15% and 85% of lung cancers, respectively. There are several types of NSCLC, including lung adenocarcinoma (LUAD) (40-50%) and lung squamous cell carcinoma (LUSC) (30%). Other pathological types (5%) include adenosquamous carcinoma (ASC), large cell lung carcinoma (LCLC), and carcinoid tumor (CT) (1–3). The onset of lung cancer is insidious and most clinical patients have distant metastases at the time of definite diagnosis. Regrettably, the overall five-year survival rate of patients with lung cancer is only 17.8% (4, 5). Lung cancer has emerged as the leading cause of cancer-related mortality worldwide. China has experienced an alarming increase in lung cancer incidences and mortality rates yearly (6). Research is needed to identify early markers for lung cancer development to improve treatment outcomes and reduce related mortality. Overall, there is an urgent need to reduce the poor prognosis of lung cancer through accurate early diagnosis and treatment.

There has been rapid and tremendous progress in the development of anti-tumor drugs. In the 1970s, scholars used two-dimensional monolayer cultured cell lines as cancer research models for drug screening. It was later discovered that the established cell lines are selected from specific tumor subsets. Therefore, they do not fully represent the complex clinical intra-tumoral heterogeneity (7). In addition, cell lines lose critical properties after long-term in vitro culture. Thus, given the low clinical predictive power of cell lines, most anti-tumor drugs fail in phase III clinical trials. Accordingly, fewer than 5% of candidate drugs are approved for the market (8). In response to the need for effective anti-cancer drugs, the National Cancer Institute (NCI, MD, USA) recommended the PDX models and discontinued the NCI-60 cancer cell line approach (9). The EurOPDX Consortium, containing more than 1500 samples in a PDX bank, also demonstrated that the PDX model is a more feasible tool for in vitro research (10, 11). PDX models are developed by implanting cancerous tissue from a patient’s tumor into immunodeficient mice (12). Compared with the cell line models, a PDX model better reflects the structure and microenvironment of the original tumor, and shows less genetic divergence. Besides, PDX models largely retain the primary patient tumor histopathological characteristics and molecular features (13–15). Since PDX model allows several subclones to grow in parallel, it enables them to retain their heterogeneity (10). These advantages make the PDX model a superior platform to facilitate drug development within a shorter period, and identify new targets for cancer therapy. In contrast to cell line models, PDX models can reveal the patterns of tumor evolutionary dynamics under the strong environmental selection pressure and drug resistance mechanisms in vivo. Notably, a strong correlation between drug response in PDX models and clinical response (16). Experiments PDXs have revealed accurate therapeutic candidates, minimizing treatment-related toxicity. This review summarizes the salient advantages, recent advances, and gaps in lung cancer precision medicine based on PDX models. Generally, PDX models are key to tackling the precision medicine challenges.



2 The pre-clinical models for lung cancer research

To date, a substantial number of the preclinical models for lung cancer research, including traditional lung cancer cell lines (A549, SK-MES-1, HCC827) and genetically engineered mouse models (GEMM), which remain the primary tools for incipient drug development, have been developed (17). Cell line models are rapid and efficient in investigating the potential epigenetic and lung cancer drug treatment mechanisms, attributed to their operation, low cost, high success rate, and high reproducibility. However, the traditional models for lung cancer research face numerous challenges, including cell lines’ loss of critical properties after prolonged in vitro culture and the technological inability to interplay with the tumor microenvironment (18). In addition, pre-clinical models may experience gene alterations that cause gain/loss of genetic information and alter the seeding ability and the invasiveness of tumor cells (19). On the other hand, GEMM establishment promotes tumor formation by interfering with specific small molecules, which might influence tumor progression through the alteration of multiple gene loci. For the GEMM model, human-specific immunotherapeutic cannot be tested because mouse biology is not exactly similar to that of humans (20). Therefore, the GEMM model limits preclinical drug research.

Current and ongoing studies based on the PDX models have opened a new avenue for cancer treatment by overcoming the inherent limitations of the traditional models (21–23). The PDX model is the most accurate platform for predicting drug response (24–30). One striking feature of PDX is its ability to overcome cell-line-related limitations. At the cellular level, PDXs retain patients’ heterogeneity and histopathology. Moreover, whole-exome sequencing revealed the high genomic and transcriptional similarity between the PDX model and the primary tumor rearing (31, 32). The PDX model provides clinically relevant pre-clinical tools that simulate the clinical response of patients (33). Also, studies show that PDX models consistently predict response to therapy in patients regardless of passages, supporting the phenotypic stability of these models (34). The PDXs accurately predict cancer treatment response, promoting their use in cancer therapy research. Combined with the molecular omics analysis of PDX models, pathways related to patient tumor biogenesis and development may be discovered. Consequently, in the context of personalized medicine, a PDX model can identify biomarkers that predict cancer treatment response, underlining its usefulness for preclinical cancer research. Thus, PDX can facilitate the identification of lung cancer pathophysiologies and accurate treatment targets. Furthermore, the tumor samples from PDXs provide sufficient materials for cancer-related studies. Research is needed to identify the dynamic changes and genetic characteristics of different tumors to promote the development of targeted therapy and precision medicine (35–37). A PDX model is invaluable for mechanistic research, new drug development, and personalized therapy (38, 39), and relevant for pre-clinical research. High-quality PDX models can have a prognostic value and predict tumor evolution and recurrence probability. They can also reveal potential diagnostic and therapeutic targets, promoting the development of precision medicine (40–42).



3 The establishment of the PDX model



3.1 Mouse strains used for the PDX model

The mice with an intact immune system will produce robust immune responses to abrogate the implanted tumor tissue. Thus, immunodeficient mice are required to develop the PDX models. Nude CB17-SCID mice, NOD-SCID mice, NOG (NOD/SCID/IL-2γpartial deficiency) mice, and NSG (NOD/SCID/IL-2Rγcomplete deficiency) mice are the common mainstay mouse strains for PDX model establishment. Among them, nude mice are the most commonly used. These mice lack body hair and thymus. Given the absence of the thymus, these mice are T-cell deficient and, thus, cannot induce an adaptive immune response. The nude mouse model was first reported in 1966 by Flanagan (43), which allowed the growth of human cancer cells in mice. Subsequently, the use of CB17-SCID mice and NOD-SCID mice emerged successively. However, due to the high incidence of spontaneous lymphoma, CB17-SCID mice mostly die prematurely (44). In addition, the incidence of immunological leakage in CB17-SCID mice is extremely high.

Similarly, spontaneous lymphoma, in most cases, occurs later in NOD-SCID mice aged around 8.5 months (45). Consequently, neither mouse is suitable for long-term experiments. By the early 2000s, the Central Institute for Experimental Animals (CIEA) developed a severely immunocompromised NOG mouse, significantly improving the survival rate of human cell and tissue transplantation in immunocompromised mice. In 2005, the US Jackson Laboratory cultured NOD/SCID/IL2R gamma (null) mouse, also known as NSG mouse, with a higher transplantation rate and lower tumor graft rejection (46). The NSG mice lack mature T, B, and NK cells for genetic mutations. Thus, the NSG mice are currently the most ideal tumor graft receptors and are less prone to lymphoma development, and have a longer lifespan than other mice (Nude, SCID mice, NOD-SCID mice). The tabular comparison of several immunodeficient mice is shown in Table 1. Therefore, the NSG recipient mice offer several advantages for transplantation with human hematopoietic stem cells (46, 47). The NSG mouse is also called “humanized mouse,” or the human immune system (HIS) model because it supports the growth of human hematopoietic stem cells. Thus, it developed an immune system and produced human T cells similar to those of humans (48). The processes of developing the HIS model are sketched in Figure 1. The humanized PDX model with patient-matched immune components has several advantages over the alternative models for decoding tumor biology and anti-tumor drug development.


Table 1 | Comparison between immunized mice.






Figure 1 | HIS mouse production process.





3.2 Implantation tissues and cells and methods

The implanted tissues or cells can be patient biopsies or tumor cells derived from ascites or pleural fluid (Figure 2). The implantation tissues comprise small 1-3 mm3 clumps or single cell suspensions prepared by digesting small tissue fragments. Co-transplanting with the matrigel increases the engraftment success rates (Figure 2). In 1990, Fridman et al. reported that the transplant success rate was significantly higher when lung cancer tissue and matrigel were intertwined and implanted into nude mice (49). To this end, tumor-associated fibroblasts and mesenchymal stem cells provide functional support for tumor progression and development. Furthermore, diversities that may also interfere with the ability of the graft to grow successfully were assessed and compared for ligand-receptor interactions between humans and mice. It was found that some mouse ligands do not activate the corresponding human receptors (50–52).




Figure 2 | Establishment process of PDX models.



In brief, proper expression of some human ligands in immunocompromised mice may stimulate graft growth. Ectopic or orthotopic transplantation is traditionally performed via subcutaneous and intravenous injection and other forms. The subcutaneous transplantation model is the most extensively used owing to its simple operation and convenient measurement of tumor size. The implantation site is often the back or underarm of mice, which is an excellent model for drug response assessment. Nonetheless, given the limited tumor space, the transplant does not grow in the correct anatomical location. Therefore, this could not be a suitable approach for tumor metastasis research since the tumor does not grow in the correct anatomical location and microenvironment. A differential display analysis is required to compare graft biology and drug response on the in situ model and the ectopic model.

Priority should be given to tail vein injection to build an orthotopic transplantation model for tumor metastasis study. The advantage of tail vein injection is that the external environment of in situ tumor is closer to the human tumor, providing an experimental basis for subsequent tumor metastasis research (Figure 2). Effective transplantation is the nascent basis of the experiment, and many factors can affect the implantation rate. The large vascular bed beneath the renal capsule facilitates the growth of the graft. Xin et al. implanted tumor tissue from NSCLC patients under the renal capsule to obtain an implantation rate of up to 90% (53) and successfully evaluated the sensitivity of patients’ chemotherapy regimen using PDX models. The subcutaneous transplantation success rate is only about 23% (54).

Furthermore, Chen et al. (55) reported that PDX was higher in squamous cell carcinoma, stage II, stage III, and poorly differentiated tumor specimens by following clinically confirmed NSCLC patients for up to 1.5 to 6 years. Additionally, some studies have shown that the implantation rate of PDX tumors after passage increases with the number of passages, and the long-time of tissue in vitro is associated with low implantation rates. Moreover, the implantation rate of brain NSCLC metastases is higher than the primary tumor (56), suggesting that the source of the samples potentially affects the implantation rate. Notably, the PDX was not established in the mouse generating human CD20+ immune cells. Therefore, adding rituximab during primary tumor implantation may decrease the frequency of lymphoma formation and promote PDX growth.




4 Applications of the PDX model for lung cancer research



4.1 Immunotherapy

The immune system is responsible for maintaining tumor regression (57). Programmed death ligand 1 (PD-L1) is present on the surface of tumor cells and inhibits the activation and proliferation of T cells, which results in immune escape of tumor cells by specifically binding the programmed death receptor-1 (PD-1) (58, 59). Moreover, T cell depletion is common in people with cancer or chronic infection (60, 61). The T cell depletion is characterized by loss of T cell effector function and continuously increased expression of immune-inhibitory receptors, one of the leading causes of immune disorders in cancer patients. Fortunately, numerous studies have demonstrated the vital role of PD-1 inhibitors in reversing T cell depletion (62–64). In other research, the use of cancer immunotherapy with antibodies, cancer vaccines, and immune checkpoint inhibitors (ICIs) as an emerging and efficient pathway has attracted widespread attention (65–67). Researchers have made unprecedented advances in immunotherapy by utilizing humanized mouse PDX models to accelerate acquired studies of clinically relevant tumors and evaluation of the clinical value of cancer immunotherapy. Humanized mice with human hematopoietic stem cells have been broadly reported as a potent tool in studying targeted PD-1 antibodies (68). Injecting PDX mice with fresh cord blood containing CD34+ hematopoietic stem cells to rebuild the immune system significantly shortens the time and regenerates functional, active immune cells. This overrides the delayed tumor transplantation caused by prolonged immune system establishment and the limitation of the incomplete immune system. Immunotherapy provides a new strategy for lung cancer treatment (69, 70). The optimized PDX models are ideal for testing the significant inhibitory effect of the antagonistic PD-1 checkpoint drug-pembrolizumab on lung cancer PDX tumors. Research shows that pembrolizumab-activated human immune cells could effectively limit tumor growth. Targeting cytotoxic T lymphocyte-associated protein 4, PD-1, and PD-L1 using antibodies to block immunomodulatory checkpoints on tumor cells, immune cells, and endothelial cells is an effective NSCLC therapy. Numerous studies have shown that immune checkpoint inhibitors such as PD-L1 and CTLA4 significantly increase the survival rate of advanced NSCLC patients.

Moreover, long patient follow-up studies reveal that the five-year survival rate of NSCLC patients receiving such treatment is as high as 16% (71). The anti-PD-1 drug pembrolizumab is currently approved as an immunotherapy regimen for patients with advanced NSCLC expressing PD-L1 (72–75). Moreover, Nivolumab and Atezolizumab can be used despite PD-L1 expression in NSCLC (76, 77). The studies cited above show great promise in oncology research via the use of the PDX model to study and evaluate the necessity of immunotherapy (78).



4.2 Drug resistance models for lung cancer

The US Food and Drug Administration has approved more than 20 drugs for the NSCLC treatment, including 14 targeted and immunotherapy drugs. However, the rapid emergence of drug resistance and the diverse resistance mechanisms continue to threaten the ability to treat NSCLC patients. While significant advancements have been made for NSCLC treatment, acquired resistance remains a significant barrier to therapeutic response (79, 80). The genetic alteration uncertainties in patients after treatment is an obstacle to conducting prospective studies. There is an urgent need to identify biomarkers for predicting acquired resistance or poor response of lung cancer to ICIs. The PDX model is ideal for drug resistance studies, including identifying mutations that promote treatment resistance (81). Therefore, the PDX model is critical in the next phase of drug development and reduces the lag in clinical trials. The SCLC patient’s response rate to first-line chemotherapy is about 70%. Nevertheless, most patients experience rapidly acquired resistance within months of treatment, rapid relapse, and poor efficacy of second-line treatment (82, 83). The development of PDX models has been invaluable for investigating acquired drug resistance of tumors.

Previous research reported that EZH2 promotes the development of acquired resistance of PDX by silencing SLFN11. However, after EZH2 knockdown, the PDX tumors’ resistance was suppressed, and the drug efficacy was optimized (84). The exact resistance mechanism of the original tumor was observed in the PDX model of LUAD (85). These studies demonstrate that PDX models accurately predict the patient’s drug response. The widespread uses of ICIs, including PD-1, PD-L1, and CTLA4 antagonistic antibodies, ushered in a new era of cancer immunotherapeutic. However, as PD-1 axis inhibitors become increasingly established in standard treatment options for lung cancer, more patients show resistance to these therapies. Research is needed to identify the mechanisms underlying the acquired resistance of ICIs in lung cancer to overcome the drug resistance of ICIs.



4.3 Identification and evaluation of drugs and treatment regimens for lung cancer

The emergence of the PDX model in drug research development and addressing cancer treatment challenges provides tools for better research. Using the PDX model carrying tumor as the embodiment to evaluate drug efficacy before treatment, it can not only screen for the best anti-cancer treatment but also avoid some adverse drug reactions, which will have a significant impact on patients’ treatment decisions (Figure 3). As indicated earlier, the PDX model identifies fewer common microwaves, nanoparticles, gene therapies, and the potential of new anti-cancer drugs for future intervention in tumor development, thus providing a new therapeutic indicator (86). For instance, a PDX model has been used to evaluate three clinical standard protocols for NSCLC patients. The results showed that patients had different sensitivity to the three regimens. Moreover, the patients were not equally sensitive to the same regimen. These findings suggest that the PDX model determines the treatment response and predicts individualized treatment regimens for patients with NSCLC (61). Furthermore, the PDX model predictably addresses the effects of small molecule compounds, antibodies, and microorganisms on lung cancer (87). There are three molecular LUAD subtypes (88–90), with the highly proliferative PP being the most malignant. No validated targeted therapy and immunotherapy have been developed for clinical use against the PP subtype. Therefore, developing specific therapeutic agents will restore hope to patients with the PP subtype. Using nucleic aptamer, Sun et al. found that the leucine-rich PPR-motif containing (LRPPRC) is a specific nucleic aptamer binding protein significantly overexpressed in PP subtype and is strongly linked with the disease stage and patient prognosis. Gossypol acetic acid (GAA) was successfully screened using aptamer-assisted high-throughput methods to specifically bind LRPPRC and cause its degradation in a ubiquitin-proteasome-independent manner. After treatment with GAA, a robust anti-tumor function was shown in the LRPPRC-positive LUAD-PDX models but not in the LRPPRC-negative PDX models. These findings suggest that GAA specifically targeted LRPPRC knockout is a promising therapeutic strategy targeting the PP subtype (91). The above research has entered phase II clinical practice, extending the treatment strategy for lung cancer and highlighting the role of PDX models in developing efficient treatment regimens. Among the functions mentioned earlier, the increase in studies targeting PDXs suggests that PDX models can accurately predict drug response in clinical patients. Therefore, PDX tumor cells can be used for high-throughput screening of anti-cancer therapeutics (92). A study evaluating the use of zebrafish in PDX models reported that transparent zebrafish larvae could visualize individual tumor cells and their response to treatment, acting as a rapid drug screening platform (29). In other words, researchers can fetch the information from the models directly. An intensive drug screening was performed in more than 1,000 PDX models (93). Based on the obtained data, the PDX model has become an essential part of the preclinical screening for new anti-cancer drugs. However, there exist theoretical differences in drug absorption, distribution, and pharmacokinetics between mice and humans, and there may be no natural drug reaction in humans (94, 95). This may result in undesirable consequences after drugs enter clinical trials to determine the pharmacological discrepancies between the two for better future development and testing of anti-tumor drugs.




Figure 3 | The process of co-clinical trial.





4.4 Co-clinical trials

With the development of individualized, targeted therapies for genotypes, the preclinical studies and clinical trials are conducted simultaneously to elucidate disease mechanisms. In this context, a PDX model can be used as a personalized “Avatar model” for precision medicine in cancer treatment (96). The pre-clinical and clinical trials are conducted simultaneously in tumor patients with specific genetic structures and the corresponding PDX models in co-clinical trials. The trials compare the response between patients and the models in determining the mechanism of action of drugs and finding new targets and biomarkers (97) (Figure 3). A group of PDX models directly derived from T2 or T3 stage NSCLC patients was established by Iduna et al. (54). The downregulation of EGFR was observed in the sensitive PDX models after the treatment with cetuximab but not in the resistance models. Iduna confirmed the association of KRAS mutations with the EGFR resistance phenotype, demonstrating that KRAS wild-type status is a clinical biomarker for targeted therapy of NSCLC (54). With such fidelity of the PDX models, it is envisioned that if the pre-clinical studies are performed simultaneously or earlier, the discovery and validation of KRAS mutations as a biomarker for drug resistance will be facilitated. Consequently, such validation linking impactful biomarkers to treatment efficacy will lead to direct clinical effects. The fibroblast growth factor receptor (FGFR) gene is one of the molecular targets of LUSC. As is known to all, dovitinib is a tyrosine kinase inhibitor targeting FGFR. Previous studies have demonstrated that dovitinib has potential anti-tumor capability against tumor cell lines with FGFR1 amplification. Related reports indicated that FGFR1 amplification is associated with poor prognosis in LUSC patients (98). A co-clinical trial concurrent with phase II trials in LUSC patients demonstrated that PDX models accurately replicated patient response to dovitinib. These findings revealed that FGF3 and FGF19 genes were significantly enriched in dovitinib -sensitive tumor cells. In addition, the findings suggest that activation of genes involved in FGFR signaling may be a critical factor in sensitivity to dovitinib (99). The above evidence indicates that the PDX model has strong potential in identifying predictive biomarkers and advancing precision medicine and drug development (100).




5 Limitations of the PDX models

Beyond the aforementioned observations, several aspects of the authenticity of the PDX models in oncology research remain to be clarified. For instance, the engraftment of a PDX can cause lymphoma but not the expected tumors. Besides lymphoma, immune cells present in tumors may induce graft versus host disease (GVHD) (101). The tumor samples obtained by means of surgery are limited by the donor site and size, which subtracts from the value of the PDX models constructed that may not cover the overall tumor heterogeneity of patients. Patients with advanced SCLC release a large number of CTCs (102, 103), and because of the random process of CTCs generation in peripheral blood, establishing PDX models through CTCs may be an effective approach to at least partially resolve some problems. Other studies reported some traces of tumor evolution in PDX models, and continuous aged PDX models improved the tumor biology over time (104–106). Surprisingly, alterations in copy number aberrations (CNAs) were found in the models after serial passages, which were somewhat different from the original tumors. The level of CNAs is closely related to drug sensitivity (107) and cancer lethality. When the xenografts are grown to be able for drug screening, the human stromal cells originally present in the original tumor have been replaced by mouse stromal cells, however, some cytokines derived from mice do not exert human-derived cytokines (108), in accordance, some researchers have implanted the patient’s stromal cells together with tumor tissue in mice (Figure 2). The cross-reactive between LUSC cells and tumor microenvironment was elucidated in the study by Chen et al. (109). Cancer-associated fibroblasts (CAFs) inhibit SOX2-induced dysplasia and abnormal proliferation of acinar phenotypes in the PDX model-derived TUM622 cell line, and the drug distribution interfered by new mouse stroma can also affect experimental results (109). Studies have shown that the matrigel promotes the survival of mice (48). However, matrigel, a basement membrane substrate derived from EHS mice (110), can cause murine virus infection, hence, its function remains to be clarified, with regard to this facet, using the production of matrigel by ourselves is able to avoid viral contamination to some extent. In addition to the above obvious limitations of the PDX model, the following issues remain to be addressed. Above all, the engraftment failure rate is still high as before (30), it is expensive with little benefit (16). In the next place, the disconnection between the time needed for PDX expansion and treatment (which usually takes 4 to 8 months to build a PDX model) and the rapidity of disease progression in patients. There may be ethical problems under certain conditions (111). Despite the application of “humanized mice” to screen immunomodulators such as vaccines, the challenges that are intrinsic to successfully reconstruct the immune system in mice and maintain a long-term effect. The limitations of the PDX model should be addressed to improve its application in the management of lung cancer.



6 Organoids

Given the aforementioned disadvantages of PDX models, stem cells and 3D culture techniques have been used to study organoids. Compared with PDX models, patient-derived organoids shorten the duration of PDX model establishment cycle, increase the transplantation rate, and reduces production costs (112), which contributes to the development of personalized medicine, and are more suitable for large-scale drug screening (Figure 4). Notably, organoids combined with other technologies, such as organ chips, 3D printing, and the recently developed approaches that rely upon CRISPR-HOT have improved research on the impact of the tumor microenvironment on tumor development. Organ chips combine organoid technology and microfluidics to provide better control of tumor-related experimental parameters as well as the simulation of the tumor microenvironment during drug screening. Thus, organoids have a greater advantage over the labor-intensive PDX model, and have fewer adverse effects because they gradually replace the human matrix with the mouse matrix at later stages. Furthermore, patient-derived organoid tissue could similarly be used as implant samples for the PDX model. The EVIDENT technology drives the use of microfluidic technology, which allows simultaneous testing of multiple experimental parameters on the same chip, shortens the time course before organoids can be used for drug screening and evaluating patient response to treatment, and reduces experimental errors (113).




Figure 4 | The applications of pre-clinical models.





7 Discussion

A growing body of studies has demonstrated that lung cancer is an evolving cellular ecosystem following Darwinian laws. In light of the intrinsic variability of cancer cells, an early tumor clone produces the offspring of a genetically heterogeneous subclone, which is more malignant. Tumor heterogeneity has a considerable impact on clinical treatment, but its effect on patient response to cancer drugs and how it changes at the genomic and phenotypic level during treatment have not been resolved. These problems highlight the need for pre-clinical research models, increasing interest in developing and applying PDX models in lung cancer research. The PDX model has enabled the production of samples that truly match the patient’s tumor, accurate replication of tumor heterogeneity, progression, and metastatic potential. Considering the growing demand for personalized medicine, the PDX model provides opportunities for developing lung cancer treatment. Using these models for tumor research in vivo matches the developmental process of patients’ tumors, which improves drug development for tumor treatment. Although the PDX models meet requirements above, there are several unresolved problems, including implantation methods and selection of mouse strains which influence the implantation rate for lung cancer subtypes with low implantation success rate. Currently, the United States, Europe, and several large pharmaceutical companies such as Novartis have developed systematic PDX resources, a biobank housing thousands of PDX models for lung cancer to solve the precision medical challenges. The PDX samples should be equipped with patients’ clinical data, gene expression patterns, mutation status, drug reactivity, pathological analysis and other data to form a high-precision PDX library and create authoritative resources for personalized treatment of cancer. These PDX biobanks provide good platforms for studying lung cancer and develop new drugs for clinical application.
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Glioblastoma (GBM) heterogeneity, aggressiveness and infiltrative growth drastically limit success of current standard of care drugs and efficacy of various new therapeutic approaches. There is a need for new therapies and models reflecting the complex biology of these tumors to analyze the molecular mechanisms of tumor formation and resistance, as well as to identify new therapeutic targets. We established and screened a panel of 26 patient-derived subcutaneous (s.c.) xenograft (PDX) GBM models on immunodeficient mice, of which 15 were also established as orthotopic models. Sensitivity toward a drug panel, selected for their different modes of action, was determined. Best treatment responses were observed for standard of care temozolomide, irinotecan and bevacizumab. Matching orthotopic models frequently show reduced sensitivity, as the blood-brain barrier limits crossing of the drugs to the GBM. Molecular characterization of 23 PDX identified all of them as IDH-wt (R132) with frequent mutations in EGFR, TP53, FAT1, and within the PI3K/Akt/mTOR pathway. Their expression profiles resemble proposed molecular GBM subtypes mesenchymal, proneural and classical, with pronounced clustering for gene sets related to angiogenesis and MAPK signaling. Subsequent gene set enrichment analysis identified hallmark gene sets of hypoxia and mTORC1 signaling as enriched in temozolomide resistant PDX. In models sensitive for mTOR inhibitor everolimus, hypoxia-related gene sets reactive oxygen species pathway and angiogenesis were enriched. Our results highlight how our platform of s.c. GBM PDX can reflect the complex, heterogeneous biology of GBM. Combined with transcriptome analyses, it is a valuable tool in identification of molecular signatures correlating with monitored responses. Available matching orthotopic PDX models can be used to assess the impact of the tumor microenvironment and blood-brain barrier on efficacy. Our GBM PDX panel therefore represents a valuable platform for screening regarding molecular markers and pharmacologically active drugs, as well as optimizing delivery of active drugs to the tumor.
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1 Introduction

Glioblastoma (GBM) is the most common brain intrinsic neoplasia of the central nervous system, characterized by diffuse and infiltrative growth. About 90% of GBMs are diagnosed de novo and test negative for isocitrate dehydrogenase (IDH) 1 mutation R132H. Based on the 2016 WHO classification, they are considered a separate entity of brain tumors, IDH-wildtype (wt) GBM (1, 2). Currently available standard of care is resection, followed by radio-chemotherapy with alkylating agent temozolomide (3, 4). Patients with a high methylation status (> 20%) of the promoter region of O6-methylguanine-DNA methyltransferase (MGMT) show significantly better treatment responses toward temozolomide and better overall survival (5, 6). Another FDA approved drug for recurring GBM is the humanized antibody bevacizumab binding the circulating vascular endothelial growth factor A (VEGF-A). However, despite its successful use for therapy of other cancers (7), it did not reach the same efficacy in GBM. Combination of bevacizumab with temozolomide in recurring GBM did improve patients’ progression free survival and quality of life, but not overall survival (8, 9).

Molecularly, IDH-wt GBM are characterized by frequent mutations in TP53 and phosphatase and tension homologue (PTEN), as well as by epidermal growth factor receptor (EGFR) mutation and amplification (10). Deregulations in PTEN/PI3K/Akt/mTOR signaling, including increased receptor tyrosine kinase signaling, occur in about 80% of GBM (11). Analysis of transcriptional features furthermore revealed different molecular GBM subtypes, hinting towards different tumor evolution and biology within the group of IDH-wt GBM (12, 13). Still, their potential use as predictive markers or targets remains limited. The high heterogeneity of GBM and redundant activation of downstream signaling pathways suggest targeting one molecule alone might be insufficient to improve patients’ outcome (14–17).

To better understand GBM biology and resistance formation, PDX models have been a valuable tool in preclinical and translational research. Subcutaneous (s.c.) GBM PDX have been shown to closely resemble the original tumor’s morphology and molecular heterogeneity, and they thus allow for the testing of new treatment approaches on a patient individual basis (18–21). However, since these models are not able to recapitulate critical physiological structures like the blood-brain barrier (BBB) and its potential to limit availability of anti-cancer compounds within the brain, orthotopic PDX represent a crucial addition in assessment of treatment efficacy and optimization (22).

In this study we aimed to establish a well characterized panel of GBM PDX of matching s.c. and orthotopic models. Analysis of chemosensitivity, as well as the available molecular data on gene expression and mutation allows for identification of molecular signatures and markers, and for identification of advantageous treatment regimens and combinations. Orthotopic PDX allow validation in a model more closely resembling the GBM physiological tumor microenvironment within the central nervous system and the BBB’s impact on drug efficacy (23).




2 Materials and methods



2.1 Patient tumors

Tumor tissue was collected directly during surgery. Patients included in the study gave written informed consent and specimen collection was approved by the local Institutional Review Board of Charité University Medicine, Germany (EA4/019/12), the Ethics Committee of the University of Rostock, Germany (A 2009/34) and the Institutional Ethics Committee of the Medical University of Graz, Austria (24-402 ex 11/12).




2.2 Generation of s.c. PDX GBM models

Animal studies were performed in accordance with the German Animal Welfare Act and approved by local authorities (Landesamt für Gesundheit und Soziales, LaGeSo Berlin, Germany) under the permission H0308/18 for the PDX generation and proliferation in vivo and A0010/19 for in vivo therapy experiments. For establishment of s.c. PDX models, patient tumor specimens were cut into 3-4 mm sized fragments and transplanted s.c. on anesthetized NOD.Cg-Prkdcscid Il2rgtm1Wjl/SzJ (NSG) mice (Charles River Laboratories, Sulzfeld, Germany). Health status of mice was checked daily, and body weight and tumor size were measured twice per week. When tumors successfully engrafted and reached a size of about 1 cm³, they were excised, cut into 3×3×3 mm sized fragments and transplanted s.c. on female NMRI Foxn1nu mice for the consecutive in vivo passage. Mice were housed under standard conditions in IVC caging systems with 22°C +/- 1°C, 12 h light-dark cycle, food, water and nesting material ad libitum.




2.3 Generation of orthotopic PDX GBM models

PDX tumor tissue obtained from s.c. in vivo passage (passage numbers between 4 and 9) was used to prepare a single cell suspension via mechanical break up (gentleMACS Dissociator, Miltenyi Biotec, Teterow, Germany). Anesthetized mice were fixed in a stereotactic frame, the skin on the scull was opened and 2 µl cell suspension of 1×105 tumor cells was injected intracerebral (i.cer.) into the cortex of the right hemisphere. After cell injection, the syringe was removed slowly, and the skin was closed using Histoacryl ® tissue adhesive (B.Braun, Melsungen, Germany). The following day mice received meloxicam subcutaneously.

Animal health condition was checked daily and body weight was measured at least twice weekly. Mice were terminated for ethical reasons when showing behavioral abnormalities and body weight loss > 10%; both signs for progressive intracranial tumor growth. Brains were dissected and frozen in isopentane at -80°C. Sequential 10 µm cryostat microtome sections in coronal plane were prepared, cresyl violet-stained and the tumor area measured as described previously (18, 24).




2.4 Chemosensitivity testing of GBM PDX

For sensitivity testing of s.c. PDX models, 3×3×3 mm tumor fragments (passage numbers between 2 and 6) were transplanted subcutaneously onto female Rj : NMRI-Foxn1nu/nu nude mice (Janvier Labs, Le Genest-Saint-Isle, France) as described (see above). Animals were randomized and treated at palpable tumor size (0.08 to 0.2 cm³) with the respective drugs: bevacizumab (10 mg/kg intraperitoneally, 3× per week for 2 weeks; Roche, Basel, Switzerland), everolimus (5 mg/kg orally, (day 1-5)×2; Novartis, Basel, Switzerland), irinotecan (15 mg/kg intraperitoneally, (day 1-5)×2; Fresenius, Bad Homburg, Germany), salinomycin (10 mg/kg orally, day 1-14; Sigma-Aldrich, St. Louis, MI, USA), Sorafenib (80 mg/kg, orally, (day 1-5)×2; Bayer, Leverkusen, Germany) and temozolomide (90 mg/kg orally, day 1-5; MSD, Kenilworth, NJ, USA). Drug efficacy was determined by measurement of tumor volumes (TV). TV measurement was performed with a digital caliper and volumes were calculated using the formula:

	

Studies were terminated for ethical reasons when first animals reached a TV > 1.5 cm³. To describe therapeutic responses, the ratio (T/C, in %) of mean volumes of tumors in treatment (T) versus control groups (C), as well as relative tumor volumes (RTV) in treatment groups were used:

	

A T/C value > 50% was defined as no response, > 25% as minor response, > 10% as moderate response and T/C ≤ 10% a strong response. We furthermore considered a RTV value > 1.7 as progression, a RTV > 0.3% stable disease, and RTV ≤ 0.3% as partial remission.

For sensitivity testing of orthotopic GBM PDX models, tumor cells were inoculated, and animals randomly distributed into control and treatment groups. Treatment was started 6 to 7 days after tumor cell inoculation. Once first animals showed health impairments, the study was terminated and maximum tumor area in coronal plane measured microscopically and used to evaluate therapeutic responses.




2.5 Statistical analyses

For statistical analyses of tumor size differences between control and treatment groups at study end, one-way ANOVA followed by Dunnett’s multiple comparison test were performed. Prism software v5.02 (GraphPad Software, San Diego, USA) was used for all analyses.




2.6 Histology and immunohistochemistry of PDX models

For histopathological analysis, 5 µm sections of formalin fixed paraffin embedded (FFPE) tumor samples were deparaffinized in ROTICLEAR® (Carl Roth GmbH, Karlsruhe, Germany) and rehydrated using ethanol and distilled water. Sections were then stained according to a standard hematoxylin-eosin protocol ​ (24)​. For immunohistochemistry (IHC) antigen retrieval was done in hot citrate buffer for 15 min, followed by cooling for 40 min and washing with PBS.

For MGMT staining, slides were blocked with 5% goat serum in PBS for 1 h at room temperature (RT), and subsequently incubated with primary antibody (5 µg/ml rabbit anti-MGMT, PA5-79668, ThermoFisher Scientific, Germany), for 1 h at RT. Sections were then washed twice in TBST buffer (20 mM Tris/HCl pH 7.5, 150 mM NaCl, 0.1% Tween-20) and incubated with the SuperVison 2 Single Species HRP-polymer rabbit kit (DCS GmbH, Hamburg, Germany) according to the manufacturer’s instructions. Sections were counterstained with hematoxylin solution.

For Ki-67 staining, slides were first blocked with 3% hydrogenperoxide for 30 min, washed twice with PBS and then with 5% normal goat serum in PBS for 30 min, both at RT. After blocking, sections were incubated with primary antibody (6.5 µg/ml rabbit anti-Ki-67 in PBS, ab15580, Abcam, Cambridge, UK) for 1 h at RT. Sections were then washed twice in TBST buffer and incubated with HRP-conjugated secondary antibody (#111035003, 1:200, Jackson ImmunoResearch Laboratory, West Grove, USA) for 30 min, RT. Sections were washed twice in TBST, followed by detection of secondary antibody using chromogen substrate buffer DAB+ (#K3468, Dako North America, Inc., Carpinteria, CA, USA) and DAB-chromogen (#K3468, Dako North America, Inc., Carpinteria, CA, USA). Sections were washed with PBS, then with distilled water and counterstained with hematoxylin solution.

All Images were acquired using the Axioskop 40 and AxioVision V3.5 (Zeiss, Jena, Germany).




2.7 Molecular characterization of s.c. PDX models by RNA sequencing

RNA sequencing (RNASeq) of untreated s.c. tumor tissue samples was performed for 23 established GBM PDX models. Next-generation sequencing and processing of the raw data was performed by ATLAS Biolabs GmbH (Berlin, Germany).

About 50-100 mg snap frozen PDX tumor tissue was dissolved in 1.5 ml of TRIzol™ (ThermoFisher Scientific, Carlsbad, CA, USA) using a gentle MACS dissociator and M tubes (Miltenyi Biotec, Bergisch Gladbach, Germany). The integrity of the isolated total RNA was analyzed using an Agilent Bioanalyzer 2100 and the RNA 6000 Nano Kit (Agilent, Santa Clara, CA, USA). The Illumina TrueSeq Stranded mRNA Library Prep Kit was used for preparation of RNAseq libraries, followed by 100 bp PE-sequencing on an Illumina HiSeq 2500 device with a depth of 80–100 million reads (40–50 Mio cluster) (Illumina, Cambridge, UK).




2.8 Bioinformatic data processing

Read quality was validated with FastQC v0.11.8 (25). Human (reference: ensembl hg38) and mouse (reference: ensembl mm10) reads were split with Xenome v1.0.1 (26). STAR aligner v2.6.1a (27), QualiMap v2.2.1 (28) and eXpress v1.5.1 (29) were used to map the human-specific reads and quantify transcript expression.

GATK 4.0.2.1 (https://github.com/broadinstitute/gatk/releases) (30) and the Ensemble Variant Effect Predictor (VEP), release 94 (https://www.ensembl.org/info/docs/tools/vep/index.html) (31) were used for variant calling and annotation of mapped reads. Additionally, to verify annotations and to further interpret variants of interest the openCRAVAT pipeline v2.2.7 was used (32). The mutational analysis was performed for a set of GBM-relevant genes (33). Quality-tested variant calls were filtered based on allele frequencies from gnomAD 3.1. to identify somatic alterations. Variants not included in gnomAD 3.1 or with a gnomAD allele frequency below 0.001 were considered (Supplementary Table S1).

Copy Number Variations (CNV) were predicted from gene expression mutational data using RNAseqCNV (34) and CaSpER (35).

RNAseq raw count data were transformed to gene length corrected trimmed mean of M-values (GeTMM) (36) to perform single-sample gene set enrichment analyses (36) (https://github.com/broadinstitute/ssGSEA2.0) regarding gene sets of the molecular signature database (MsigDB v2022.1) (37). Subtype classification was performed based on published gene set expression profiles (12). Group-wise comparison of enriched gene sets between responding and resistant PDX models towards individual therapy was performed with gene set enrichment analyses v4.3.2 (37).





3 Results



3.1 Engraftment of PDX models

A total of 131 tumor tissues from patients diagnosed with GBM were used for PDX generation. Of these, 39 models (30%) engrafted and were consecutively passaged subcutaneously for a minimum of three times and were then considered stable, established s.c. PDX. Median age of patients at resection is 63, and 15 of the characterized GBM PDX were from male patients (58%) (Table 1), reflecting the clinical situation of GBM grade IV. Until now, 26 GBM PDX models have been subject to chemosensitivity testing, 23 of which subject to molecular characterization by RNA sequencing. These 26 models include 19 GBM, 4 recurrences of GBM and 3 GBMs with unknown treatment history. In addition, 15 GBM PDX were established as orthotopic, intracranial models, of which 4 have been subject to sensitivity testing.


Table 1 | Clinical characteristics of patients that provided tumor tissue of subcutaneously established and chemosensitivity-tested PDX models.






3.2 Morphology and growth characteristics of PDX over several in vivo passages

Our established GBM PDX models closely resemble the respective patient’s tumor histology, with similar morphology and expression patterns of MGMT and Ki-67 (Figure 1A). Expression of proliferation marker Ki-67 was comparable over several s.c. passages and after parallel orthotopic inoculation, as seen in immunohistological stainings of PDX tumor sample sections (Figure 1E). Individual orthotopic PDX models were able to retain the characteristic infiltrative growth of GBM (Figure 1D), compared to nodular growing s.c. tumors. Furthermore, each model displayed stable characteristic growth patterns over several s.c passages, with a slight increase in tumor growth rate in higher passage numbers (Figure 1B). Tumor doubling times varied highly between different s.c. models (Figure 1C), reflecting the heterogeneity of our GBM PDX panel.




Figure 1 | Histological and biological characteristics of GBM PDX. (A) Analysis of three representative patient tissue samples and respective s.c. PDX tissue from in vivo passage #2 revealed comparable histology (HE), MGMT expression (red staining) and expression of proliferation marker Ki-67 (brown staining), 200-fold magnification, inset 800-fold magnification. (B) Comparable growth over several consecutive s.c. passages of PDX models Glio11368 and Glio12464. (C) Heterogeneous tumor doubling times in our panel of established PDX models, n=3-6. Mean and standard deviation (SD). (D) Comparison of nodular and infiltrative growth in two different orthotopic (intracerebral, i.cer.) PDX models (cresyl violet staining, tumor tissue stained purple) (0.9-fold magnification). (E) Analysis of PDX Glio12464 revealed comparable histology and Ki-67 expression over several consecutive s.c. passages and parallel orthotopic inoculation. Examination of Ki-67 expression (proliferation marker) in PDX tumor tissue via IHC. Positive areas in the sections are stained brown. 20-fold magnification, inset 160-fold magnification.






3.3 Chemosensitivity of s.c. GBM PDX models

PDX tumor bearing mice received monotherapies of everolimus, sorafenib, bevacizumab, irinotecan, salinomycin or standard of care temozolomide for up to 2 weeks. Tumor growth was monitored during therapies until the study was terminated for ethical reasons (Figure 2A). Of the administered compounds, salinomycin and sorafenib showed no efficacy in our panel of GBM PDX. The anti-VEGF antibody bevacizumab and mTORC1 inhibitor everolimus showed only limited efficacy, leading to moderate (T/C < 25%) to strong responses (T/C < 10%) and stable tumor volumes (RTV 0.34-1.7) in 7 and 4 out of 26 models, respectively. A better response rate was seen for topoisomerase I inhibitor irinotecan, which led to stable tumor volumes in 20 and tumor regression (RTV > 0.34) in 2 models. When compared compared to untreated PDX tumors we only observed a moderate to strong response in 17 models. The standard of care drug temozolomide showed the best tumor growth inhibition among the tested compounds. We observed moderate to strong responses in 21 models, with treatment leading to stable tumor volumes in 15 models and tumor regression in 7 models (Figure 2B). Interestingly, Glio11414, a PDX established from a recurrent GBM previously treated with temozolomide, showed resistance toward temozolomide.




Figure 2 | Chemosensitivity of established glioma PDX. (A) Examples of drug testings of three s.c. glioma PDX models, illustrating model-specific growth characteristics and treatment responses to different drugs, like temozolomide. N=3-5. Mean and standard deviation (SD). One-way ANOVA, Dunnett’s multiple comparison test. Significant differences to control (PBS) at study end: * p < 0.05, ** p < 0.01, *** p < 0.001. (B) Treatment response evaluation as mean tumor volume of treated tumors divided by mean tumor volume of tumors in the corresponding control group (T/C optimal in %) revealed PDX individual sensitivity profiles. In addition, RTV as response criteria is indicated as progression, stable disease or regression in respective groups. N=2-6 per group. (C) T/C values at study end of orthotopic PDX models Glio10535, Glio10618, Glio12032 and Glio13066 revealed reduced sensitivities when compared to matching s.c. models. The maximum tumor area in coronal plane was used as measure for i.cer. tumor growth. RTV could not be calculated for orthotopic PDX, as tumor sizes were only measured once at study end.






3.4 Chemosensitivity of orthotopic GBM PDX models

The BBB and the tumor microenvironment within the brain parenchyma significantly contribute to tumor biology and eventually treatment outcome in GBM. We therefore compared efficacy of bevacizumab, everolimus, irinotecan and temozolomide in 4 orthotopic GBM PDX (Figure 2C). To evaluate treatment responses between s.c. and orthotopic PDX we used T/C at study end [%].

The targeted drugs bevacizumab and everolimus performed less efficiently in orthotopic PDX tumors compared with matching subcutaneously growing PDX tumors (Figure S1). None of the orthotopic models were considered responders to everolimus (T/C > 50%), while it caused a reduction of tumor volumes (T/C < 50%) in two out of four matching s.c. models. For bevacizumab, differences in efficacy in s.c. versus orthotopic models were even more pronounced. All s.c. growing PDX models were considered minor to moderate responders (T/C 50 - 10%), but no response was seen in the four matching orthotopic GBM models. Regarding irinotecan, chemosensitivity of s.c. vs. orthotopic models was different. Irinotecan showed similar efficacy in orthotopic and matching s.c. Glio10618 and Glio12032 models. Compared to their respective vehicle treated control group, orthotopic tumors were significantly reduced in size (Figures S1B, C) and showed moderate responses (T/C 10% - 25%). However, in the orthotopic PDX Glio13066, irinotecan showed no efficacy (T/C 84%), whereas it caused pronounced tumor growth inhibition in the matching s.c. model (T/C 7%). Out of the four tested drugs, temozolomide showed best efficacy in the orthotopic PDX, where in all 4 tested models glioma growth was reduced (T/C 2% - 41%), with significant differences to control groups in 2 out of 4 tested models (Figures S1A–D). Temozolomide efficacy in s.c. models was slightly better in all models showing moderate to strong responses (T/C 1% - 13%). In conclusion, our diverging results point to the importance of orthotopic GBM PDX models to evaluate drug efficacy in a clinically relevant setting.




3.5 Mutation profile of s.c. GBM PDX models

The mutational status of 23 GBM PDX was analyzed using the available RNA sequencing data regarding genes frequently mutated in GBM (Table S2). In 23 of these genes, we could identify somatic mutations, with the most frequent mutations occurring in EGFR and PARP1 in 9 PDX models each. In addition, mutations in TP53 (7 PDX), FAT1 and PTEN (6 PDX each), as well as ATM, BRCA2 and MTOR (each in 5 PDX) were identified. Overall, in 12 PDX mutations within the PI3K/Akt/mTOR signaling pathway could be found (Figure 3A). We furthermore used available RNA sequencing data to visualize the expression of mutated genes, allowing for selection of PDX expressing specific targets for preclinical studies. Interestingly, 6 of the 9 PDX bearing mutations in EGFR showed a comparably high expression of the mutated receptor (Figure 3B).




Figure 3 | Mutation status of selected genes and their expression in GBM PDX models. (A) Using available RNA sequencing data, a selection of genes frequently mutated in GBM was analyzed for mutations in our panel of GBM PDX, revealing PDX individual profiles. (B) Expression of the genes listed, with comparably high EGFR expression in most PDX bearing EGFR mutations.






3.6 Molecular GBM PDX subtypes

We performed copy number variation analysis and principal component analysis to determine transcriptomic similarities within the cohort and to identify potential molecular subgroups. While clustering in copy number variation remained inconclusive (Figure S2), the principal component analysis revealed two clusters of three and four models, and a third cluster of 16 models. Cluster I consists of Glio10995, Glio12421 and Glio11413, whereas cluster II contains Glio10535, Glio10888, Glio11368 and Glio13066 (Figure 4A). To clarify whether the observed clustering is in line with molecular GBM subtypes mesenchymal, classical and proneural, we analyzed a set of 150 genes described as characteristically expressed in these subtypes (Figure 4B) (12). Members of cluster I are enriched for mesenchymal signature genes, while members of cluster II are enriched for signature genes of the classical phenotype. The remaining 16 models formed a third cluster defined by comparably high enrichment of genes related to the proposed proneural subtype, but with enrichment in more than one molecular subtype in individual models.




Figure 4 | Molecular characteristics of s.c. glioma PDX models. (A) Global gene expression of 23 glioma PDX models by principal component analysis. Similarity of transcriptomes is represented by their spacial distribution in the plot, with three custers visible. (B) The observed clustering into three groups could be replicated in subsequent analyses of expressions of gene sets characteristic for proposed molecular subtypes mesenchymal (◊), classical (×) and proneural (no indication). (C) Single sample gene set enrichment analysis of glioma PDX models regarding 34 selected hallmarks and clustering of models resembling the mesenchymal subtype. (D) Combined enrichment scores of gene sets related to MAPK/Erk, JAK/STAT, VEGF, PI3K/Akt and mTOR signaling, as well as angiogenesis. Gene sets analyzed individually in Figure S3. Red (positive Z-score): higher expression of gene set than in the average of all models. Blue (negative Z-score): lower expression.






3.7 Transcriptome and correlation analysis of s.c. GBM PDX models

To gain further insight into the tumor biology and cancer-related pathways of tumor progression in our PDX models, we compared their transcriptomes according to gene sets of cancer hallmarks (Figure 4C). Models of cluster I, the proposed mesenchymal subtype, also clustered in gene sets like epithelial mesenchymal transition, hypoxia, glycolysis and the P53 pathway, inflammation-related signatures like response to interferon alpha/gamma and TNF signaling, as well as angiogenesis. The two adjacent clusters of three models each showed comparably low enrichment scores in the mentioned hallmarks, but high scores in hallmarks G2M checkpoints, as well as E2F targets. The remaining PDX models showed individual expression profiles regarding the analyzed hallmarks, with three of the four PDX resembling the classical subtype grouping together.

Since we observed pronounced clustering in VEGF signaling and angiogenesis, the PI3K/Akt/mTOR pathway, and MAPK and JAK/STAT signaling (Figure 4D), all commonly deregulated in GBM, we analyzed expression of related gene sets in more detail. In VEGF and angiogenesis-related gene set analyses (Figure S3A), models resembling the mesenchymal subtype grouped together with two PDX mostly resembling the classical subtype, but with additional enrichment of the mesenchymal gene expression signature (Glio10535 and Glio13066). Another cluster of five models had comparably low enrichment of analyzed gene sets, while the remaining PDX showed different individual expression profiles. Clustering could also be observed in gene set enrichment analyses of PI3K/Akt/mTOR-related gene sets (Figure S3B), where four models were separated by comparably high enrichment scores, especially in PI3K/Akt dependent signaling. Another seven models showed comparable low enrichment scores for PI3K/Akt-dependent signaling, while the remaining 12 models showed different individual expression profiles regarding the analyzed gene sets. In analyses of MAPK/ERK and JAK/STAT signaling-related gene sets (Figure S3C), models of the mesenchymal subtype were again separate from the remaining models and characterized by overall high enrichment scores. The two PDX resembling the classical subtype the most pronounced (Glio10888 and Glio11368) were localized in a cluster of four models with comparably low enrichment scores, while remaining models showed individual expression profiles.

In a next step we analyzed potential correlations between gene expression profiles and treatment responses of PDX tumors via gene set enrichment analyses. Comparison of expression profiles of irinotecan responders and non-responders did not reveal significant differences between the two phenotypes. Despite the observed clustering of PDX models in single-sample gene set enrichment analyses regarding their expressions of different VEGF signaling and angiogenesis-related gene sets, there was no statistically significant difference in between bevacizumab non-responders and responders. For temozolomide, our analyses did reveal significant differences (p < 0.1 and FDR < 25%) in expression profiles between responding and non-responding PDX (Figure 5A). In temozolomide resistant models, expression of hallmark gene sets hypoxia and mTORC1 signaling were upregulated, while no correlation between the expression of MGMT, a known predictive marker for temozolomide resistance (5, 6), and monitored responses could be detected. However, only one of these models were sensitive towards the mTOR inhibitor everolimus. Comparing expression profiles of everolimus responders and non-responders, responders showed higher scores for hallmark gene sets epithelial mesenchymal transition and angiogenesis, as well as in inflammatory response, TNF alpha signaling via NF-kappaB, IL6/JAK/STAT3 signaling and the reactive oxygen species pathway (Figures 5B, S4).




Figure 5 | Selected gene set enrichment analysis plots of s.c. PDX tumor tissue based on results in chemosensitivity testing. (A) Enriched hallmark gene sets (p < 0.1 and FDR < 25%) in temozolomide resistant PDX and (B) PDX responding to mTOR inhibitor everolimus indicate possible implications of mTOR signaling and hypoxia for the monitored phenotypes.







4 Discussion

There is an urgent need in preclinical research to identify and validate therapeutic alternatives for treatment of GBM and their subsequent clinical translation. Panels of PDX models that retain intertumoral heterogeneity and can approximate a cohort of cancer patients with individual chemosensitivities are therefore considered a valuable tool in drug testing and biomarker identification (20, 21, 38–40). In this study, we established and characterized 26 high-grade GBM PDX from mostly untreated primary patients, and established 15 matching orthotopic models. Histologically, PDX tumors showed comparable morphology and expression of MGMT and proliferation marker Ki-67 in comparison to the patients’ tumors and over a range of up to 11 in vivo passages. While s.c. PDX tumors exhibit nodular growth, orthotopic PDX models retain the typical infiltrative phenotype to varying degrees (19). Tumor doubling time of PDX models was heterogeneous but comparable over several subsequent s.c. passages, with their range reflecting intertumoral heterogeneity. At passage numbers > 10, we observed a drift towards increased tumor growth in individual models. This might be caused by stepwise adaption of the PDX tumor to the altered microenvironment in the immuno-compromised mice (41). Overall, our results confirm the stability of PDX models regarding their histology and growth characteristics, as seen in other panels of GBM PDX and of other tumor entities (19, 24, 39, 40, 42).

Extensive chemosensitivity testing of our PDX models revealed individual responses towards selected drugs. They included standard of care temozolomide, bevacizumab and irinotecan as drugs identified as beneficial in combination with temozolomide in subsets of patients, as well as compounds targeting different pathways identified as crucial in GBM biology, like mTOR inhibitor everolimus and multikinase inhibitor sorafenib. As expected, the standard of care temozolomide showed the best efficacy with 22 of 26 (85%) PDX models showing a response (T/C < 25%). This is higher than the up to 30% initial response seen in patients (43, 44), possibly in part due to the absence of the concentration limiting BBB (45). Irinotecan had an overall high, but compared to temozolomide, reduced efficacy with 3 out of 5 temozolomide-resistant PDX responding to irinotecan. Irinotecan as monotherapy and in combination with e.g. temozolomide and bevacizumab could not significantly improve outcome over temozolomide alone in various clinical trials (46–49), but still can be considered a treatment alternative for individual patients. However, the observed high initial sensitivity to temozolomide and irinotecan might be in part over-predictive due to different drug pharmacokinetics between humans and mice. Bevacizumab was clearly inferior regarding its anti-tumor efficacy in our panel. Tumor growth was inhibited in individual models, but no reduction of tumor size in any of our tested PDX was monitored. This is in line with various clinical trials showing that bevacizumab as first line monotherapy lacks sufficient efficacy but can improve progression-free survival in recurring GBM (50). As bevacizumab is specific for human VEGF, efficacy is also reduced in xenograft models where parts of the VEGF could be of murine origin. Our PDX panel furthermore confirmed the limited efficacy of the mTOR inhibitor everolimus currently used in clinical trials, despite the crucial role the PI3K/Akt/mTOR pathway in many GBM (13, 51). In 4 models however, we saw a moderate response. Sorafenib and salinomycin both showed anti-tumor activity in preclinical in vitro and in vivo studies (52–54), but not in clinical applications (55, 56). In our screenings we did not observe a tumor growth inhibition in any of the PDX. While this reflects the mentioned limited efficacy of these monotherapies, it remains unclear whether higher doses could achieve better results. Overall, our screening results reflect some of the response patterns seen in patients, and strongly indicate that intratumoral heterogeneity and clonal complexity is maintained, contributing to the monitored highly tumor individual sensitivity profiles. With subsequent gene set enrichment analyses, we tried to identify molecular marker profiles to identify patients that might benefit from personalized therapies.

As the tumor microenvironment has an important function in GBM development and proliferation, orthotopic models are the preferred setting for translational research. Comparing drug sensitivity between selected s.c. and matching orthotopic PDX models, we monitored a pronounced reduction of efficacy in the orthotopic setup. Irinotecan and temozolomide still caused inhibition of tumor growth, but to a lesser degree than in the respective s.c. PDX models. Both bevacizumab and everolimus performed notably worse, with no response in any of the tested orthotopic PDX. A possible reason for the reduced efficacy in orthotopic PDX is the BBB (57). It physically restricts diffusion of molecules into the brain and maintains a strict homeostasis via various efflux transporters. Both can drastically limit drug concentrations in the GBM (58), as observed in clinical studies with disappointing results in GBM patients, despite promising preclinical data (59, 60). Our results confirm that orthotopic PDX are a valuable tool to develop and test new therapy approaches that increase tissue selective drug delivery and efficacy while managing systemic side effects (61). However, as these orthotopic models are extremely time and cost sensitive, we suggest a two-step screening strategy for new therapies. In the first step, new compounds might be screened in s.c. transplanted models to identify potential active compounds. In a second step, one should test the selected compounds in orthotopic models to evaluate the potential effect of the BBB. Alternatively, one could transplant the GBM PDX in parallel s.c. and orthotopically to discriminate compounds affected by the BBB (62).

The available transcriptome sequencing data allowed us to analyze the PDX models mutation and gene expression status. We were able to confirm IDH-wt (R132) status in all models, with only one model bearing a mutation in IDH1, albeit not in codon R132. We furthermore found mutations frequently identified in patients’ GBM like in the genes EGFR, TP53, FAT1, as well as PTEN and MTOR (33).

Principal component analyses revealed three molecular subgroups within our IDH-wt GBM. They resemble previously described proposed molecular subtypes mesenchymal, classical and proneural regarding their expression profiles, reflecting the expression patterns and intratumoral heterogeneity seen in GBM patient cohorts (12). PDX models showed individual expression profiles of gene sets related to VEGF signaling and angiogenesis, and MAPK/Erk and STAT signaling, with comparably high expressions in the mesenchymal subtype. In PI3K/Akt/mTOR pathway-related gene sets, a majority of PDX showed enrichment in PI3K or mTOR signaling, or both. This well reflects the high prevalence of deregulation of this pathway seen in patients and its importance in GBM (63, 64).

Despite the observed clustering, for bevacizumab and irinotecan no relevant correlations between treatment response and gene expression profiles were detected. Gene set enrichment analyses of temozolomide response revealed high expression of hallmark gene sets for hypoxia and mTORC1 signaling in resistant models, while correlation between MGMT expression, a described predictive marker for response towards temozolomide, could not be identified (5, 6). It has been shown that a hypoxic microenvironment can induce the acquisition of temozolomide resistance via activation of HIF1-alpha signaling (65, 66), both mTOR dependent (67, 68) and independent (69, 70). Combination therapies of temozolomide and novel mTORC1/2 inhibitors for example have been successfully applied to overcome this temozolomide resistance in vitro (71–73). In a subgroup of patients in the EORTC trial 26082, activated mTOR signaling correlated with better treatment response towards monotherapy of mTOR inhibitor temsirolimus than to temozolomide (74). Our results strongly support these findings and could provide the basis for further analyses regarding the role of hypoxia and mTOR signaling in temozolomide resistance. Focus needs to be the evaluation of such combinations in orthotopic models since the altered microenvironment in the brain might impact the tumors response to hypoxia. In addtion, the BBB could limit the passage of different mTOR or PI3K inhibitors in the brain by varying degrees. Other in vitro studies however showed that mTOR inhibition under hypoxic conditions can promote survival of glioma cell lines in vitro by reducing oxygen and glucose consumption, and promotes temozolomide resistance by increasing MGMT protein levels (75, 76). These contrasting roles of mTOR signaling highlight the need for molecular markers to select GBM patients where hypoxia and mTOR signaling are true drivers of progression and temozolomide resistance. In our screening only 1 of 5 temozolomide resistant models was sensitive towards mTOR inhibition.

Enrichment of hypoxia-related hallmark gene sets, reactive oxygen species pathways and angiogenesis (67, 77) were also observed in everolimus responders and might be linked to the mesenchymal subtype, as indicated by enrichment of the hallmark gene set epithelial mesenchymal transition. Under hypoxic conditions, reactive oxygen species can accumulate and cause additional activation of HIF1-α, and thereby trigger various processes related to tumor progression, such as angiogenesis via expression of e.g., VEGFs and their receptors VEGFR1/2 (78–80). However, whether a combination therapy with e.g., bevacizumab would be beneficial in these GBM PDX needs further testing.

In conclusion, the enrichment of hypoxia and mTORC1 signaling in temozolomide resistant models, as well as enrichment of hypoxia-related gene sets in models susceptible for mTOR inhibitor everolimus indicate a role of mTOR signaling in progression under hypoxic conditions in s.c. GBM PDX (70). Whether combination with mTOR inhibitors can overcome temozolomide resistance in s.c. and matching orthotopic PDX needs further investigation. This includes analyzing expression profiles of orthotopic models to help understand biology and resistance formation in comparison to s.c. PDX. Gained insight might reveal further, yet unknown vulnerabilities for novel therapies.

Our results highlight both the possible applications, as well as limitations of the two model types. Subcutaneous PDX panels, while not fully representing the GBM’s tumor microenvironment, BBB, and their impact on treatment outcome, are suitable for larger screenings of new drugs or treatment regimens in a clinical study-like setup. Subcutaneous PDX panels can identify predictive markers, and mechanisms of intrinsic or treatment-induced drug resistance, and how to prevent or overcome it. Orthotopic GBM PDX - in a possible second step - enable analysis of the impact of the tumor microenvironment and the BBB on drug efficacy, their contribution to resistance formation, and whether drugs can reach therapeutically relevant concentrations within the tumor. This can be of particular interest in the development of new formulations or drug delivery systems that aim to increase BBB-crossing of available drugs in repurposing efforts and new drug candidates identified in previous screenings.
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Introduction

For pre-clinical drug development and precision oncology research, robust cancer cell models are essential. Patient-derived models in low passages retain more genetic and phenotypic characteristics of their original tumors than conventional cancer cell lines. Subentity, individual genetics, and heterogeneity greatly influence drug sensitivity and clinical outcome.





Materials and methods

Here, we report on the establishment and characterization of three patient-derived cell lines (PDCs) of different subentities of non-small cell lung cancer (NSCLC): adeno-, squamous cell, and pleomorphic carcinoma. The in-depth characterization of our PDCs included phenotype, proliferation, surface protein expression, invasion, and migration behavior as well as whole-exome and RNA sequencing. Additionally, in vitro drug sensitivity towards standard-of-care chemotherapeutic regimens was evaluated.





Results

The pathological and molecular properties of the patients’ tumors were preserved in the PDC models HROLu22, HROLu55, and HROBML01. All cell lines expressed HLA I, while none were positive for HLA II. The epithelial cell marker CD326 and the lung tumor markers CCDC59, LYPD3, and DSG3 were also detected. The most frequently mutated genes included TP53, MXRA5, MUC16, and MUC19. Among the most overexpressed genes in tumor cells compared to normal tissue were the transcription factors HOXB9, SIM2, ZIC5, SP8, TFAP2A, FOXE1, HOXB13, and SALL4; the cancer testis antigen CT83; and the cytokine IL23A. The most downregulated genes on the RNA level encode the long non-coding RNA LANCL1-AS1, LINC00670, BANCR, and LOC100652999; the regulator of angiogenesis ANGPT4; the signaling molecules PLA2G1B and RS1; and the immune modulator SFTPD. Furthermore, neither pre-existing therapy resistances nor drug antagonistic effects could be observed.





Conclusion

In summary, we successfully established three novel NSCLC PDC models from an adeno-, a squamous cell, and a pleomorphic carcinoma. Of note, NSCLC cell models of the pleomorphic subentity are very rare. The detailed characterization including molecular, morphological, and drug-sensitivity profiling makes these models valuable pre-clinical tools for drug development applications and research on precision cancer therapy. The pleomorphic model additionally enables research on a functional and cell-based level of this rare NCSLC subentity.
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1 Introduction

According to the SEER database (https://seer.cancer.gov/csr/), lung and bronchus cancer ranks third within the category of common cancer types. The estimated number of new cases in 2022 in the US is 236,740, and the estimate for deaths is 130,180 accordingly. Thus, lung tumors account for 12% of all new cancer cases and 21% of all cancer deaths. The 5-year survival rate was 22.9% in the years 2012–2018. However, this large tumor entity is composed of a variety of subentities. In 2021, the updated “WHO Classification of Lung Tumors” was published (1). The principal components for classification remain morphology, supported by immunohistochemistry, followed by molecular techniques.

Many of the subentities are well studied, thanks to a large number and variety of available tumor models. These include small cell lung cancer and the most frequent non-small cell lung cancer (NSCLC) types: squamous cell carcinoma, adenocarcinoma, and large cell carcinoma. Pleomorphic carcinomas in contrast account for less than 1% of lung tumors (2). Published numbers go as low as 0.1% of all NSCLC (3), and to date, very few primary cell models are described in literature (4).

The goal of precision oncology is to offer highly effective treatment by an individualized therapy approach subsequent to comprehensive molecular, cellular, and functional analyses of the tumors. This approach is rapidly developing and has, especially for the molecular assessments, entered the mainstream of clinical practice. Functional analyses, however, require vital cells or better patient tumor models (5). Thus, in the era of precision oncology, patient tumor models are indispensable. Fittingly, the number and variety of patient-derived tumor models are ever growing. Currently, the most favored types for patient individual models are patient-derived cell lines (PDCs), patient-derived xenografts (PDXs), and patient-derived organoids (PDOs). The popularity of these models largely depends on level of complexity, required handling skillfulness, establishment success, and, especially in academia, costs.

Historically, the oldest models are cell lines. In 1951, the HeLa cell line was established from a patient with cervical cancer and thus became the first patient-derived tumor cell line (6). Since then, countless PDCs for most tumor entities have followed (5, 7–9). Only one decade later, in the 1960s, in vivo models followed suit. Engrafting tumor pieces to generate PDX models is a rather recent development (8, 10–12). The seminal description of the PDO culturing process by Clevers’ lab in the early 2000s (13–15) has revolutionized the patient-derived tumor modeling techniques.

However, as advanced as the organoid modeling system is, this model type bares a series of pitfalls or disadvantages, especially for academic research: the level of required skillfulness is much greater than for adherent cell lines, high(er)-throughput screening without elaborate equipment is barely feasible, and, last but not least, time and cost efficiency of adherent cell lines surpass organoids by far. Also, adherent cell lines, especially PDCs, possess a high level of predictability and utility in pre-clinical tumor therapy assessments (7). Thus, we here report on the establishment and characterization of three novel NSCLC PDC models: one model derived from an adenocarcinoma, one established from the brain metastasis of a squamous cell carcinoma, and the third PDC is of the very rare pleomorphic subentity. Finally, all PDC models underwent extensive morphological, molecular, and drug response assessments.




2 Materials and methods



2.1 Cell line establishment

Cell lines were established as previously published (8). Briefly, small pieces of the resection specimen, not required for diagnostic analyses, were received fresh from surgery. Single-cell suspensions were prepared by mechanic dissection of the tissue. The suspension was passed through a 100-µm cell strainer and washed with PBS. The cell pellet was resuspended in culture medium as described (8) and seeded in collagen-coated six-well plates. Continually growing cells were passaged and stocked regularly. Cells were routinely checked for absence of mycoplasma contamination.

The names of the cell lines consist of the following information: pseudonymized patient ID containing information on place of material collection (HRO = Hanse City of Rostock) and tumor entity/organ of origin (Lu = lung tumor, BML = brain metastasis of a primary lung tumor). Passage numbers are given for all experiments.

All processes involving patients and patient-derived material were approved by the ethics committee of the University Medical Center Rostock (UMR): A 2019-0187. General guidelines for working with patient material were followed; this included obtaining written consent for each patient in advance.




2.2 Cell culture

Cells were cultured in standard cell culture flasks using DMEM/F12 medium supplemented with 10% fetal calf serum (FCS) and 2 mM L-glutamine in a humidified CO2 incubator at 37°C. All cell culture media and reagents were purchased from PAN (PAN-Biotech GmbH, Aidenbach, Germany), and all culture plates and flasks were from Sarstedt (Sarstedt AG & Co. KG, Nümbrecht, Germany).




2.3 PDC quality control



2.3.1 Mycoplasma

The absence of contaminating mycoplasma was checked on a routine basis using cell culture supernatant and the PlasmoTest™ - Mycoplasma Detection Kit (InvivoGen, San Diego, California, USA) according to the manufacturer’s recommendation.




2.3.2 STR profiling

Concordance of PDCs and patient donor tissue was confirmed by short tandem repeat (STR) analysis as previously described (10). In short, DNA from PDCs and patient tissue was isolated and fragments of D5S818, D7S820, D16S539, D13S317, vWA, TPOX, THO1, CSF1PO, and Amelogenin were PCR-amplified with fluorescence-labeled primers. Subsequently, samples were size separated and analyzed by automated capillary electrophoresis (Thermo Fisher Scientific, Waltham, MA, USA).





2.4 Growth kinetics

Cells (2–5 × 104 cells per well) were seeded in a 24-well plate and incubated for 24 h to allow attachment. One column of the 24-well plate was washed with PBS and stained with crystal violet solution every 24 h for 7 consecutive days resulting in quadruplicates for each time point. On the last day, plates were washed three times with PBS and left to dry at room temperature. After complete drying, 100 µl/well 1% sodium dodecyl sulfate solution was added, and plates were placed on a shaker for 10 min to dissolve the crystal violet. Absorbance measurements at 590 nm were performed using a Tecan Infinite 200 Pro (Tecan Group AG, Männedorf, Switzerland) plate reader. Measurements were normalized to the first time point measurement, and doubling time was calculated with GraphPad Prism 9.4.1 using the exponential growth equation for nonlinear regression.




2.5 Flow cytometry

Cells were harvested, washed, and resuspended in PBS, resulting in a concentration of 2 × 105 cells/100 µl. The antibodies (1 µg per antibody and tube containing 100 µl of cell suspension) were added and incubated at 4°C for 30 min in the dark (for detailed information on antibodies, see Table 1). For measurement of stainings with anti-EGFR and -PD-L1 antibodies, cells were incubated with 1 µg cetuximab and durvalumab, respectively. For fluorescent detection, the primary antibodies were stained using an FITC-labeled anti-human IgG secondary antibody. Following antibody incubation, cells were washed three times with PBS and resuspended in 200 µl of PBS for measurement with a BD FACS Calibur (Becton, Dickinson & Co., Franklin Lakes, USA) device. Data analysis was done using FCSalyzer 0.9.22-alpha software.


Table 1 | Antibodies used for flow cytometry.






2.6 Chemotherapy

Cells were seeded on a 96-well plate (1–2 × 104 cells per well) in 150 µl/well standard medium and incubated for 24 h to facilitate attachment. The chemotherapeutics were added to the wells in 50 µl of standard medium yielding the desired final concentrations. For every single agent tested, detailed information can be found in Supplementary Data 1 (Supplementary Table 1). After a 72-h incubation period, a second treatment cycle was initiated by the removal of old medium and the addition of new medium and chemotherapeutics. Plates were incubated for an additional 72 h. After a total of 144 h of treatment, cells were washed with PBS and stained with 50 µl/well crystal violet solution for 20 min. The crystal violet solution was then removed, and plates were washed three times with PBS. After complete drying at room temperature, 100 µl/well 1% sodium dodecyl sulfate solution was added, and plates were placed on a shaker for at least 10 min to dissolve the crystal violet. Absorbance measurements at 590 nm were performed using a Tecan Infinite 200 Pro plate reader and normalized viability was calculated in relation to untreated control samples using the following formula:

	


2.6.1 Determination of single-agent IC50 value

Cells were seeded in triplicate on a 96-well plate and chemotherapy testing was performed as described above. IC50 values were calculated using the nonlinear regression function with a four-parameter variable slope and automatic outliner elimination with Q = 1% of GraphPad Prism 9.4.1. We repeated this for each substance at least three times independently, but with adapted concentrations at times.





2.7 Drug combinations and identification of additive, synergistic, or antagonistic effects

Same as for the single-agent testing, cells were seeded in a 96-well plate in standard medium. One row was used as blank control (cells incubated with PBS instead of standard medium, thus leading to cell death by starvation) and one row was used as living control (≙ untreated cells), leaving two 6 × 6 dose response matrices for drug sensitivity testing. We tested drug combinations that are typically used in clinical practice, by combining a platinum-based drug (cisplatin and carboplatin) with etoposide, vinorelbine, and paclitaxel, resulting in six paired combinations (for detailed information, please refer to Supplementary Data 2 (Supplementary Table 2). Each dose–response pair experiment was repeated at least three times. Chemotherapy was performed as described above. Data obtained from the spectrometer were annotated, and normalized viability was calculated using in-house software. Synergy was calculated using the bayesynergy R package (16) and RStudio. This uses a probabilistic approach based on the Bliss independence model. The bayesynergy R package essentially describes drug interaction by comparing the zero-interaction model to the observed data using differences in normalized volume under the surface [VUS(Δ)], resulting in measures that can be directly used as percentage points of efficacy gained or lost. Values are calculated separately for antagonism VUS(Δ+) and synergism VUS(Δ−). The final synergy score is calculated by dividing VUS(Δ−) by its standard deviation (see formula below).

	




2.8 Colony formation

Single-cell suspension was seeded at 100 cells/well in quadruplicate in a 24-well plate in 2 ml of standard medium. Outgrowing colonies were photo documented using a Primo Vert microscope and Axiocam USB camera (Zeiss, Jena, Germany).




2.9 Spheroid formation

After preparing a single-cell suspension, cells were seeded at 1,000 cells/well in duplicate in a cell-repellant six-well plate (Greiner AG Kremsmünster, Austria) in 5 ml of spheroid medium (CLS, Eppelheim, Germany) coated with 0.4% base agar and 0.35% top agar. Formation of spheres was checked daily and the final outcome (outgrowth or no outgrowth) was scored as positive or negative at day 14.




2.10 Invasion and migration

Cells were incubated in FCS-free standard medium for at least 24 h and then cells were harvested and a cell suspension of 1 × 103 cells/µl was prepared in FCS-free standard medium. A 24-well plate with TC inserts (Greiner) was prepared and 500 µl of the cell suspension (≙ 5 × 105 cells) was added to each insert. For the invasion assay, inserts were coated with Matrigel® Basement Membrane Matrix (Corning Inc., Corning, New York, USA) prior to the addition of the cell suspension. Then, 750 µl of 10% FCS containing medium was added to the lower wells. After incubation for 72 h at 37°C and 5% CO2, the medium was removed, and inserts were washed twice with PBS. Finally, 1 ml of 0.2% crystal violet solution was added to each insert for cell staining. After 15 min of incubation, removal of the staining solution, and three washing steps with PBS, the non-invasive cells on the upper side of the insert were scraped off with a cotton swab. The addition of 0.75 ml of 1% SDS solution and 15 min incubation on a shaker led to solvation of crystal violet. The inserts were removed, the plate was placed in the Tecan reader, and absorbance was measured (measurement: 570 nm; reference: 620 nm). Measurements were normalized to the HROC24 cell line (17). For data analysis, again, the GraphPad Prism software was used.




2.11 Wound healing assay

Cells were seeded on six-well plates and allowed to grow until full confluency was reached. After starving cells for 24 h with FCS-free standard medium, a scratch was performed using a standard 200-µl pipette tip. Photos were taken with the Primo Vert microscope and Axiocam USB camera at different time periods to account for the different wound closure rates. For each cell line, the assay was done at least three times and the mean wound closure rate and standard deviation was calculated. Photos were analyzed using ImageJ 1.53 and wound healing size tool (18). Wound closure rate in µm/h was calculated in Microsoft Excel by finding the beginning   and end point  of the linear migration phase, calculating the difference in wound width during linear migration and dividing the difference by time in hours.

	

For each cell line, the assay was done at least three times and the mean wound closure rate and standard deviation were calculated.




2.12 DNA extraction and next-generation sequencing by whole exome sequencing



2.12.1 DNA isolation

DNA from cell pellets was extracted using the Promega Wizard® Genomic DNA Purification Kit and DNA from tissue was extracted using the Precellys Tissue DNA Kit (PeqLab by VWR, Darmstadt, Germany). Successful DNA isolation was confirmed by measuring DNA concentration with Nano-Drop (Thermo Scientific™, Waltham, Massachusetts, USA).




2.12.2 DNA NGS sequencing and bioinformatic analysis

Library preparation and sequencing was done by an external facility (IKMB, Kiel, Germany). Bioinformatics were partly done on the Galaxy Europe platform (19, 20). After initial quality control with FastQC, reads were trimmed by removing adapter sequences and low-quality reads using Trimmomatic (21). BWA-MEM (22) was used for read mapping to the reference genome GRCh38 (December 2013). Mapped reads were then filtered with BAMtools (23) in order to only keep reads where both reads have mapped to the reference genome, with a minimum mapping quality of 1. Duplicate reads were removed with the RmDup function from SAMtools (24) and indels were left aligned with the leftalign utility from FreeBayes (25). For samples with matched tumor–normal pair somatic variant, calling was done with VarScan Somatic (26) by setting the estimated tumor purity to 50% for tissue samples and 100% for cell culture and normal tissue samples. The p-value threshold for calling variants was set to 0.99 and the p-value threshold for calling somatic variants was set to 0.05. The resulting variants were then filtered using vcflib (27) and bcftools view (24) to retain only variants that have passed previous filters, are marked as somatic variants by VarScan, and have a somatic p-value of< 0.05. For samples without matched normal tissue samples, GATK 4.2.6.1 Mutec2 (28) was used in tumor-only mode with standard settings for somatic variant calling. In order to reduce false-positive somatic calls, we used the gnomAD (29) database as the common germline variant database for Mutec2 to identify possible germline variants better. The resulting VCF files were then converted with vcf2maf (30) and annotated by the included VEP (31) function.

For mutational signature analysis, we used the maftools (32) R package. The analysis was done with all somatic mutations including introns and synonymous mutations for each of the cell lines.

For the oncoplot visualization, in order to pick 30 mutations that could be relevant, we first included genes where multiple samples have somatic mutations. All remaining mutations from the matched tumor–normal paired samples were annotated with the Catalogue of Somatic Mutation In Cancer (COSMIC) gene (33) database using OpenCRAVAT (34) and sorted by frequency reported in the database. The most frequently mutated genes were included in the final oncoplot by using maftools (32) oncoplot function.

Tumor mutational burden (TMB) calculation was done using maftools by dividing the total number of non-synonymous coding somatic mutations by the size of the human exome [30 MB (35)].





2.13 RNA extraction and NGS RNA sequencing



2.13.1 RNA isolation

Total RNA from cell lines was isolated by using the EurX RNA Purification Kit. Total RNA from tissue was extracted using the Precellys Tissue RNA Kit (PeqLab by VWR).




2.13.2 RNA NGS sequencing and bioinformatic analysis

Sequencing was done by an external facility (IKMB). After quality control with FastQC, raw reads were trimmed using Cutadapt (36) removing low-quality reads (quality cutoff = 20) and adapter content. After alignment to the reference genome hg38 with HISAT2 (37), gene expression was measured with featureCounts (38). Differential expression analysis was then done with DESeq2. The heatmap was created by including differentially expressed genes from DESeq2 with an adjusted p-value< 0.01 and selecting the top 20 most significantly up- and downregulated genes.





2.14 Histology

Per cell line, 5 × 106 cells were harvested by scraping, resuspended in PBS, and embedded in paraffin, and 4-µm sections were stained by applying the same SOP for diagnostic immunohistochemistry assessments. The following reagents/antibodies were used for staining: hematoxylin and eosin for H&E, clone 22C3 for PD-L1, polyclonal AE1/3 for pan-cytokeratin, and clone Ber-EP4 for Ep-CAM.





3 Results



3.1 Clinical and patient information

Three patients operated on at the UMR in the years 2009–2020 and enrolled in the BioBank Rostock (BBR) presented with either primary lung tumors or brain metastases (see Table 2). Patient HROBML01 was a male patient who presented with a metastatic lung tumor in the brain at age 67 and had no smoking habit. Patient HROLu22 was a female patient who presented with a primary tumor of the lung at age 64 and also did not smoke. Patient HROLu55 was a male patient who presented with a primary lung tumor at age 48 and was, at least at times, a heavy smoker.


Table 2 | Overview of patient information.



Routine diagnostic procedures included histological assessment of the tumor tissue, determination of the subentity, TNM classification, and grading. The primary lung tumors were further analyzed for TTF1 and PD-L1 protein expression and an NGS Illumina focus panel assessment was performed (see Table 3, and for detailed information on the Illumina focus panel, see Supplementary Data 3). The compiled data for the tumor of patient HROLu22 reveal a primary adenocarcinoma of the lung grade 3 with no nodal or distant metastases. Tumor cells stained positive for both TTF1 and PD-L1. The detailed molecular profiling revealed a complex mutation in the EGF receptor (EGFR). Assessments of patient HROLu55’s tumor revealed a rare pleomorphic cell tumor of the lung. The tumor was graded as G3/4 and distant lymph nodes had already been infiltrated with tumor cells. While the majority of tumor cells stained positive for PD-L1, no TTF1 protein could be detected. Tumor HROBML01 was classified as a brain metastasis of a primary squamous cell carcinoma of the lung. The origin of derived PDC models from the NSCLC patients was ensured by confirming matching STR profiles of the patients with respective PDCs (Table 4).


Table 3 | Routine diagnostic histological and molecular pathological tumor assessment.




Table 4 | STR profiles.






3.2 Tumor model characteristics

The cells of HROBML01 and HROLu22 grow as tumor islands, and the cells possess a morphology frequently associated with epithelial tumor (i.e., cobblestone-like) cells. The cells of HROLu55 start of as large(r) cells, which reduce their size according to the space available and finally form a 100% confluent monolayer consisting of small cells in the end. Micro-photographic images of all three cell lines can be found in Figure 1.




Figure 1 | Cell morphology. Depicted are light microscopy images of the cell lines HROLu55 (left, A, B), HROLu22 (middle, C, D), and HROBML01 (right E, F) at 10-fold (top row) and 40-fold (bottom row) magnification.



Cell doubling times were between 3 and 5 days. The highest doubling time with 69.31 h (ranging from 57.60 h to 87.00 h; 95% CI) was calculated for HROBML01, closely followed by HROLu55 with 72.06 h (61.85 h to 86.32 h; 95% CI). The lowest proliferation was observed for HROLu22 with a doubling time surpassing 100 h: 101.6 h (91.77 h to 113.7 h; 95% CI).




3.3 Histology

Paraffin-embedded immunohistochemical assessments performed by an expert pathologist (FP) of the three cell lines (see Figure 2) confirmed in H&E overview staining that the cell line HROBML01 is most likely derived from a squamous cell type, HROLu22 from an adenocarcinoma, and HROLu55 from a pleomorphic carcinoma. Additionally, the embedded cells of HROLu55 stained positive for pan-cytokeratin and Ep-CAM as well as PD-L1, which further supports the pleomorphic subentity of the cell line HROLu55 as well.




Figure 2 | Immunohistochemistry. Presented are scans of slides from FFPE embedded cells of the cell lines HROLu22, HROLu55, and HROBML01. The top row (A) shows H&E overview staining for all three cell lines [HROLu55 (left), HROLu22 (middle), and HROBML01 (right)]. The middle row (B) shows part of the H&E staining for all three cell lines [HROLu55 (left), HROLu22 (middle), and HROBML01 (right)]. The bottom row (C) shows protein staining against pan-cytokeratin (left), Ep-CAM (middle), and PD-L1 (right).






3.4 Flow cytometry

After confirmation that the cell lines represent the subentities of the tumors they were derived from, the expression of several surface markers was assessed by flow cytometry (Figure 3). All three PDCs expressed HLA I and lacked HLA II expression (data not shown). Because high levels of CD326 (Ep-CAM) were considered as a marker for the epithelial origin of cells, the absence of CD90 as a marker for fibroblast cells, and expression of proteins as a marker for lung tumors, LYPD3, DSG3, and CCD59 (39) were analyzed. All cells expressed CD326, were negative for CD90, and had varying degrees of the lung tumor markers. Additionally, the presence of the immune checkpoint protein PD-L1 and the growth receptor EGFR was analyzed. The cell lines derived from the primary lung tumors were strongly positive for PD-L1 and EGFR. The brain metastasis cell line HROBML01 only showed weak staining for both markers.




Figure 3 | Flow cytometry. Histogram overlays of unstained controls (dotted lines for all three cell lines) and measurements for HROLu55 (green), HROLu22 (blue), and HROBML01 (red) for the epitopes CD326, PD-L1, EGFR, CD26, LYPD3, DSG3, CCD59, CD27, and CD90 are shown.






3.5 DNA sequencing

In addition to the focus panel sequencing, which was performed during routine pathological assessment for the tumors of patients HROLu22 and HROLu55, we performed whole exome sequencing (WES) analyses, comparing the cell lines with the original patient tumors for all three models. For patients HROLu22 and HROLu55, tumor adjacent normal tissue was assessed in parallel. Due to the fact that HROBML01 was derived from a brain metastasis, no normal brain tissue was available.

The mutational signature analysis of HROLu55 shows high similarity to cosmic signature 4, which is consistent with the mutational pattern caused by exposure to tobacco smoke (Figure 4). No such clear association with a mutational pattern could be observed for either HROLu22 or HROBML01 (see Figure 4). However, HROLu22 shows similarities to signatures 1, 5, and 16. Signature 1 is believed to be related to an endogenous mutational process, signature 5 is not yet associated with an underlying mechanism but is often observed in lung adenocarcinomas (40), and signature 16 does not have any described underlying mechanism so far. HROBML01 shows again the highest similarity to signature 5.




Figure 4 | Mutational signatures. Represented are the base substitutional distributions and most probable associations according to COSMIC (https://cancer.sanger.ac.uk/signatures/) for the cell lines HROLu55 (left), HROLu22 (middle), and HROBML01 (right).



In a second step, we identified the top 30 mutated genes by the WES approach across all three tumor tissues and cell lines (see Figure 5). Among these, common general cancer mutations in the genes TP53 and MUC16 (41) and lung cancer-associated mutations in the genes MXRA5 (42, 43) and MUC19 (44) could be observed. The genes MXRA5 and MUC16 were mutated in all three tumors. However, the mutation in MXRA5 could not be detected in the cell line HROBML01 and the MUC16 mutation was not detected in the cell line HROLu22. Mutations in the gene TP53 could be observed for both tumors of patients HROLu55 and HROBML01 as well as their cell line counterparts.




Figure 5 | Most frequent mutations. The oncoplot shows the most frequent mutations and types across all samples for tumor tissues and cell cultures of commonly mutated genes present in the COSMIC gene database.



Finally, we calculated the TMB for all cancer samples (tissues and cell lines). The tumor tissue always had a higher TMB than the corresponding cell line (see Table 5). HROBML01 presented with the highest TMB for both tumor tissue and cell line. In total, all three tumors and cell lines have a comparably high TMB (see Figure 6).


Table 5 | Number of somatic mutations and TMB.






Figure 6 | Number of mutations. The images show the extent of TMB for the HRO NSCLC samples, encompassing data from both tumor tissues and cell lines in comparison to TMB values of other cancer types recorded in the TCGA database.






3.6 RNA sequencing

In addition to the WES analyses, matched RNA expression levels were assessed by RNA sequencing of the same tissue piece or cell pellet, respectively. Principal component analysis (PCA) for quality control revealed clustering of the normal tissue, the tumor tissue of HROLu22 and HROLu55 with their cell line counterparts, and a third cluster of tumor tissue and cell line for HROBML01 (see Supplementary Data 4 consisting of Supplementary Figures 2, 3). Further “sample-to-sample distance” calculations revealed that the normal tissues of HROLu22 and HROLu55 are (very) close (see Supplementary Data 4). This confirms the QC assessment of the PCA.

Thus, the 20 most up- and downregulated genes on RNA expression level were identified (Figure 7). The difference in expression level of normal to tumor tissue and cell lines is at least log2. Among the most overexpressed genes in tumor cells compared to normal tissue are genes coding for transcription factors (HOXB9, SIM2, ZIC5, SP8, TFAP2A, FOXE1, HOXB13, and SALL4), cancer testis antigens (CT83), and cytokines activating regulatory Th17 cells (IL23A). The most downregulated genes on the RNA level code for long non-coding RNA (lncRNA; LANCL1-AS1, LINC00670, BANCR, and LOC100652999) and proteins involved in the regulation of angiogenesis (ANGPT4), signaling cascades (PLA2G1B and RS1), and immune response (SFTPD).




Figure 7 | Differential RNA expression. In this graphic, the 20 most upregulated (red) and downregulated (blue) genes in tumor tissues and cell lines (on RNA level) in comparison to the corresponding normal lung tissue from the same patients with an adjusted p-value of< 0.01 are given.






3.7 Invasion, migration, and wound healing activity

A common feature of cancer cells that serves as a unit to measure the degree of aggressiveness is invasion and migration. Thus, the invasion and migration potential of the three cell lines was assessed in classical transwell assays. In comparison to the reference HROC24, the cells of cell line HROLu55 possessed a higher capacity for invasion and migration. The cells of HROLu22 and HROBML01 were comparable to the reference with regard to both invasion and migration (Table 6 and Figure 8).


Table 6 | Invasion and migration.






Figure 8 | Invasion and migration. The bar graph shows the percentage of cell invasion (A) and cell migration (B) for the cell lines HROLu55 (green), HROLu22 (blue), and HROBML01 (red) in comparison to highly invasive and migration active cells HROC24 (17).



These properties of higher invasion and migration capacity resulted in faster wound closure rates (Table 7 and Figure 9) for HROLu55. These cells are capable of a rapid wound closure (25.21 µm/h). Cells of HROLu22 were 8.99 µm/h slower than cells of HROLu55 but substantially faster than HROBML01. The cell line HROBML01 shows a very slow closure rate (1.23 µm/h). Unfortunately, the results for HROBML01 are inconclusive since cells tend to detach from the culture flask during or after wound infliction.


Table 7 | Wound healing.






Figure 9 | Scratch assay. Light microsopy images at 0 h, 24 h, and 72 h of scarring represent the time necessary for wound closure and thus thespeed of wound healing.






3.8 Colony and spheroid formation

Further properties associated with tumorigenicity are the capacity to form colonies starting with very few tumor cells (≈100 cells) and three-dimensional spheroids (Figure 10). Classical epithelial tumor cell colony formation was observed for HROBML01 and HROLu22. Cells of the cell line HROLu55 also grew in colony-like formations; however, these resemble more a loose accumulation of cells without direct cell-to-cell interaction.




Figure 10 | Colony formation. The light microscopy images show the progress of colony formation for the cell lines HROLu55 (left, A, B), HROLu22 (middle, C, D), and HROBML01 (right, E, F). The images are representative of four wells each.



Spheroid formation was observed after 7–10 days for all three cell lines. The earliest onset and most pronounced spheroid formation was observed for HROLu55 (data not shown).




3.9 In vitro drug response

Adherent 2D cell lines, especially in the NCI-60 panel, have a long-standing tradition as tools for in vitro response testing (45). In particular, patient-derived cell lines possess great potential for highly accurate predictability (7). Thus, response to a broad variety of therapeutics commonly administered for treatment of lung tumors was determined in dose-kinetic analyses (Figure 11). All IC50 value calculations are in the range typically found in clinical settings (Table 8). Thus, pre-existing drug resistance for all three cell lines and tested reagents is unlikely. HROLu22 tended to be least sensitive towards treatment with cisplatin, carboplatin, and etoposide. Response to vinorelbine in HROLu22 cells plateaued over a (wide) range of concentrations until viability finally decreased to 0.


Table 8 | IC50 values.






Figure 11 | Dose response. Dose kinetic response of single-agent treatments of the cell lines HROLu55 (green), HROLu22 (blue), and HROBML01 (red) for 144 h for the agents: cisplatin, carboplatin, paclitaxel, etoposide, and vinorelbine are plotted as normalized viability with standard deviation over dose range in log µM.






3.10 Drug combinations and additive, synergistic, or antagonistic effects

Treatment of patients with a single substance is rarely performed. Thus, clinically more relevant are drug combinations, which were tested in a so-called checkerboard assay (Figures 12, 13 and Supplementary Data 2 consisting of Supplementary Table 2 and Supplementary Figure 1). Observed interaction scores range from −9.63 (for HROBML01 and the combination of cisplatin with vinorelbine) to 10.95 (for HROLu22 and the combination carboplatin with vinorelbine). Most studies suggest a cutoff at about −10 and 10 (46–48) for calling synergy or antagonism, respectively. None of the tested combinations largely surpass these values; thus, observed effects were most likely additive. More importantly, no antagonistic effects occurred.




Figure 12 | Drug combination treatments. Bliss independence-based synergy/antagonism scores are given for (A) the average pairwise drug interactions across all three cell lines, (B) the synergy/antagonism scores for each combination, and (C) the synergy scores observed for each cell line individually. MAD = median average deviation of scores across samples.






Figure 13 | Synergistic effects of drug combinations. The Bliss independence-based synergy scores for HROLu55, HROLu22, and HROBML01 are presented in the graphic.







4 Discussion

Lung cancer is one of the most common tumor entities and accounts, especially in absolute numbers, for many cancer-related deaths, thus underlining the urgency of further research. Precision medicine is on the rise. The individualized therapy selection process and research in this context largely profit from relevant tumor models. We describe three novel PDCs with high similarity to their original tumors and good utility for research in either a basic or translational context. Of special interest is that cell line HROLu55 is derived from the rare subentity of pleomorphic lung tumors. PDC models of this rare subentity are very scarce, especially HROLu55, given the extensive characterization, including WES and RNA-seq analyses. Most importantly, all three cell lines maintained the histological and molecular characteristics of the original patient tumor counterparts.

The cell line HROLu22 represents the adenomatous type, HROBML01 represents the squamous cell type, and HROLu55 represents the pleomorphic lung cancer type. This was confirmed by an expert pathologist (FP). From the generally high level of data concordance, we conclude that these models represent the patients they are derived from very well. This is in line with what we previously already observed for models established from colorectal cancer (8) and glioblastoma (5). These models, in low passages (below passage 30), are thus very useful for general or basic research on the respective subentity, especially HROLu55 for the pleomorphic type. Of note, it was the most invasive (145.4% of control vs. 70.2% and 68.0%) and had the highest migration rate (209.2% of control vs. 90.6% and 70.0%), nearly doubling the values observed for HROBML01 and HROLu22. At the same time, it can be very useful in pre-clinical projects. HROLu55 enables scientists to study mechanisms, functional parameters, and responses of pleomorphic lung tumors. In our dose–response kinetics with drugs commonly used for treatment of lung tumors, no pre-existing resistances were identified and no antagonistic effects were observed for the drug combinations. Although not the focus of this study, we could show in previous investigations that experimentally observed responses (in vitro and in vivo) corresponded well to the actual clinical outcome of the patients (7). Furthermore, response intensity to classical platinum-based chemotherapeutics of the cell lines and calculated doubling times was weakest for lowest cell proliferation. HROLu22 was least sensitive to cisplatin (IC50 of 3.66 vs. 0.73 and 0.50) and carboplatin (IC50 of 26.16 vs. 5.66 and 3.62), and at the same time, proliferation was lowest (doubling time of 101.60 h vs. 69.31 h and 72.06 h).

One corner stone of precision medicine is the integration of NGS techniques in the molecular pathological assessments (49). At the UMR, pathological examinations of NSCLC include an Illumina focus panel (for a detailed list of genes included, please see Supplementary Data 3). For our small sampling of the three NSCLC patients, we additionally performed WES analyses for the original tumors in comparison to the tumor tissue-derived cell lines. The surprisingly low frequency of mutations identified with the focus panel in routine diagnostics was not confirmed by the high TMB calculated for tumor tissues and PDCs of the WES results. In absolute numbers, the TMB was always higher in the tumor tissue than the corresponding PDC, which, in parts, may be explained by the PDCs consisting of a purer tumor cell population than the tumor tissue. This leads to the comparison of results obtained with 100% pure tumor cells in the PDCs with approximately 50% tumor cells in the tumor tissue. Generally, NSCLC has one of the highest overall TMB with lung adenocarcinoma and lung squamous carcinoma only surpassed by melanoma (40). The discrepancy of focus panel and WES results in our case most likely arises from the observation that most mutations detected in the tumors and PDCs were unique to the tumor tissue and corresponding PDCs. Thus, most likely, many mutations were simply not covered by the focus panel. Also, the EGFR mutation, one of the most common mutations in NSCLC, found in pathological assessment of tumor HROLu22, is present in the WES (raw) data but was discarded in the final report for not passing the variant call quality control filter. The lack of a precisely defined standard for analyzing NGS data, at least on the research level, increases data “variance” enormously and further contributes to our observed discrepancies. Finally, tumor heterogeneity may add to the differences found for tumor tissue and corresponding PDCs since the sample used for DNA isolation and the one used for model establishment might consist of different dominant clones. Additionally, the PDCs undergo further clonal selection simply by in vitro culturing processes.

Among the 30 most mutated genes, we discovered familiar cancer candidates such as TP53 and MUC16 (41) and lung cancer associated mutations in the genes MXRA5 (42, 43) and MUC19 (44). The UNC45A mutation detected in the brain metastasis HROBML01 and its corresponding PDCs contributes to tumorigenesis and its expression in cancer cells correlates with proliferation and metastasis of solid tumors (50). In summary, samples of HROLu22 have the lowest numbers of total mutations, samples of HROLu55 have higher mutation rates, and samples from HROBML01 have the highest mutational burden. The TMB for HROLu22 in comparison to the other two samples is even substantially lower. The TBM ratio of approximately 1/10 (HROLu22 vs. HROLu55 and HROBML01) suggests differences in malignant development. Patient HROLu55 is fairly young (48 years) and has a history of (high) nicotine consumption. The tumor of patient HROBML01 metastasized to the brain; thus, accumulation of additional mutations in order to successfully complete the metastasizing process can be assumed. In contrast, the tumor of patient HROLu22 developed without a history of smoking from the fairly old female patient. The cause for mutagenic transformation in this case can only be guessed at. These results are thus not unexpected; they should, however, be interpreted with caution since the lack of normal tissue for HROBML01 may impede correct distinction between germline and somatic mutations.

When it comes to the discovery of new biomarkers and therapeutic targets for personalized medicine, large-scale studies that include multi-omics data are needed, which, in turn, can link genomic and transcriptomic data to phenotypical data. In our small sampling, we observed transcriptomic changes that are currently researched: HOXB9 (Homeobox protein Hox-B9) is the most overexpressed gene across all three of our cell lines. It is often overexpressed in lung cancer, and some studies suggest that overexpression could be linked to promoting invasive properties (51) and small studies in mice have shown a promotion of brain metastases (52). Across the three cell lines tested in this study, HROBML01 has the highest expression followed by HROLu55. A second example of overexpression in our samples is the high-mobility group AT-hook 2 (HMGA2) gene. Overexpression of this gene can be seen in multiple cancer entities and seems to be associated with poor prognosis in lung cancer (53–55). Kita-Kyushu Lung Cancer Antigen-1 (KK-LC-1/CT83) is also highly expressed in our sampling, and the overexpression of this gene was proposed as a target for new precision immunotherapy approaches (56, 57). The observed high expression of ZIC5 is in line with experiments by Sun et al. who could show that ZIC5 is highly upregulated in NSCLC tumor tissues (58), and they suggested that ZIC5 may act as an oncogene by influencing CCNB1 and CDK1 complex expression. Finally ZIC5 is recommended as a biomarker and potential therapeutic target for NSCLC patients (58). Scientists Yang and Liu described that overexpression of BANCR suppresses cell viability and invasion and promotes apoptosis in NSCLC cells in vitro and in vivo (59). Our observed downregulation thus is, most likely, one of the oncogenic mechanisms exerted by our cell lines. Potential therapeutic effects by BANCR inhibition could be assessed by taking advantage of our PDCs.

In conclusion, we report on three PDCs established from different subentities of NSCLC including the very rare pleomorphic cell type. All PDCs retained morphological, molecular, and genetic properties of their patient tumor tissue originals. Additionally, these PDCs are a 100% pure tumor cell population and, thus, allow, besides functional analyses and response testing in vitro, for an easier linking of NGS results to phenotypical tumor characteristics.
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Background

Despite the significant advances in the management of advanced prostate cancer (PCa), metastatic PCa is currently considered incurable. For further investigations in precision treatment, the development of preclinical models representing the complex prostate tumor heterogeneity are mandatory. Accordingly, we aimed to establish a resource of patient-derived xenograft (PDX) models that exemplify each phase of this multistage disease for accurate and rapid evaluation of candidate therapies.





Methods

Fresh tumor samples along with normal corresponding tissues were obtained directly from patients at surgery. To ensure that the established models reproduce the main features of patient’s tumor, both PDX tumors at multiple passages and patient’s primary tumors, were processed for histological characteristics. STR profile analyses were also performed to confirm patient identity. Finally, the responses of the PDX models to androgen deprivation, PARP inhibitors and chemotherapy were also evaluated.





Results

In this study, we described the development and characterization of 5 new PDX models of PCa. Within this collection, hormone-naïve, androgen-sensitive and castration-resistant (CRPC) primary tumors as well as prostate carcinoma with neuroendocrine differentiation (CRPC-NE) were represented. Interestingly, the comprehensive genomic characterization of the models identified recurrent cancer driver alterations in androgen signaling, DNA repair and PI3K, among others. Results were supported by expression patterns highlighting new potential targets among gene drivers and the metabolic pathway. In addition, in vivo results showed heterogeneity of response to androgen deprivation and chemotherapy, like the responses of patients to these treatments. Importantly, the neuroendocrine model has been shown to be responsive to PARP inhibitor.





Conclusion

We have developed a biobank of 5 PDX models from hormone-naïve, androgen-sensitive to CRPC primary tumors and CRPC-NE. Increased copy-number alterations and accumulation of mutations within cancer driver genes as well as the metabolism shift are consistent with the increased resistance mechanisms to treatment. The pharmacological characterization suggested that the CRPC-NE could benefit from the PARP inhibitor treatment. Given the difficulties in developing such models, this relevant panel of PDX models of PCa will provide the scientific community with an additional resource for the further development of PDAC research.





Keywords: PDX, prostate cancer, neuroendocine tumors, genomic characteristics, PARP inhibitor, metabolism, tumor heterogeneity, castrate-resistant prostate cancer (CRPC)





Introduction

Prostate Cancer (PCa) is the second most frequent cancer in men and the fifth leading cause of cancer death, with an incidence rate of 14.3% (1). Different molecular subtypes of PCa have been determined according to their genomic alterations. They have been classified from localized early stage to advanced/metastatic tumors. Localized/primary PCa generally demonstrate few genomic alterations and are sensitive to androgen deprivation therapies (ADT). Castrate-Resistant Prostate Cancers (CRPC) and metastatic prostate cancers mPCa demonstrate an increase in number and severity of genomic alterations and become insensitive to ADT (2). Locally confined PCa can be treated effectively, as first line therapy either, by surgical resection or radiation therapy (3). For non-organ-confined tumors, the standard treatment is medical or surgical castration. Androgen Receptor (AR) overexpression is a main driver of progression to CRPC for most patients (4). Androgen deprivation is an effective therapeutic strategy, widely used in clinical practice. These treatments include potent new generation hormonotherapy such as abiraterone acetate and enzalutamide, that has improved patient outcomes. However, most patients relapse within 2-3 years after initial response and the disease progresses to CRPC (5–7). Metastatic CRPC (mCRPC) is a heterogeneous disease with poor outcomes. In up to 30% of patients, tumors harbour deleterious aberrations in the genes involved in repairing DNA damage. Pembrolizumab, an immune checkpoint inhibitor, demonstrates a high response rate in tumors with mismatch repair deficiency regardless of primary site (8), leading to tissue-agnostic FDA approval, including for PCa (9). Pharmacological inhibitors of poly (ADP-ribose) polymerase (PARP) have been recently approved for use in patients with advanced PCa harbouring homologous recombination defects, including BRCA1 and BRCA2 alterations (10). These mutations are not present in all PCa, and despite these new clinical developments, PCa remains incurable when these therapies fail. Further new preclinical models and studies should thus explore mechanisms of resistance based on clinical data and available experimental models.

Patient-Derived-Xenografts (PDXs) are based on the direct implantation of fresh cancer tissue specimens from individual patients into immunodeficient mice or rats (11). Their development has been optimized over time concomitantly with the discovery of and advancements in immunocompromised animal models. PDXs have the advantage of retaining the cellular heterogeneity, architecture, and molecular characteristics of the parental tumor (12, 13). Numerous studies have cited them as the best predictors of response compared to cell line-derived xenografts which, with time, lose heterogeneity and tend to be clonally selected (14). Efforts to develop xenografts from PCa have been made since the 1970’s with varying degrees of success due to the particular difficulty of developing these models. Reported take rate in established PDX from PCa range between 0 to 33%, while longest spanning latencies vary from 60 to 1,147 days (15). Despite these drawbacks and due to the heterogeneity of the disease and complexity, PCa PDX models remain the most accurate preclinical models for biological studies, drug development and personalized medicine strategies (16–20).

As a result of a 10-year research project in urological PDX models, the present work describes a prostate PDX biobank of 5 established PDXs models (out of 240 PCa originally implanted). The developed panel of PDXs recapitulate the progression of the disease from androgen sensitive to CRPC, including CRPC with neuroendocrine (NE) features. In addition, from the same patient that became AR-resistant after treatment, an AR-sensitive adenocarcinoma and an AR-resistant neuroendocrine PDXs have been derived and characterized.





Materials and methods




Acquisition of PCa patient tissues

Between 2010 and 2019, thanks to a close collaboration with the Pathology and Urology departments of Strasbourg Hospital and the urological Clinic of Nantes, we collected 240 PCa samples from 237 patients. Human prostate cancer tissues were retrieved directly after surgery (radical prostatectomy, palliative TURP, surgical resection of node metastasis, pelvectomy) or biopsy (Supplementary Table 1). The use of patients’ tissues complied with a protocol approved by both the “Comité de Protection des Personnes Est IV” and the “Comité de Protection des Personnes Sud-Ouest et Outre-mer” (Approval numbers: DC-2010-1193 and DC-2019-3565, respectively). Patients enrolled in the study provided written informed consent allowing the use of discarded surgical samples for research purposes. In addition, relevant clinical information was recorded from the patients’ data including age, PSA levels, treatments, and treatment responses when available. Tumor regions within surgical specimens were identified by uro-pathologists. Once collected, prostate tissues were transported in an appropriate solution (Custodiol). Prostate tissues were implanted within 24 hr from collection.





Animals

Four to five-week-old immuno-deficient mice including athymic Swiss-Nude (Crl : NU(Ico)-Foxn1nu), NMRI-Nude (Rj : NMRI-Foxn1nu/nu) or Shrn (NOD.Cg-PrkdcscidHrhr/NCrHsd) male mice were purchased from Charles River Laboratories (L’Abresle, France), Envigo (Gannat, France) or Janvier Labs (Saint-Berthevin, France). Animals were handled under specific pathogen-free conditions. Their care and housing complied with guidelines set out in French animal welfare regulations referred as the European Community Council Directive 2010/63/UE. All tumorgraft studies were reviewed by CEE-35 and CEE-122 (ethical committees for the protection of animals used for scientific purposes) and approved by the French Ministry for National Education, Higher Education and Research under the numbers APAFIS#2949-2015113017594629v5 and APAFIS#14811-2018042316405732v6. The animal facility was maintained under standardized conditions: artificial 12h light-dark cycles between 7:00 a.m. and 7 p.m., ambient temperature of 22 ± 2°C and relative humidity maintained at 55 ± 10%.





Development of PDX models

The establishment of PDX models was carried out as previously described (21, 22). Briefly, different adult male immunodeficient mice strains were used for tissue implantation: Swiss-nude mice (G266, C901 and C1022) and Shrn mice (PCU-012 and PCU-018) for primo-implantations. At the time of grafting, mice were intact (G266, C901 and C1022) or had androgen supplementation (PCU-012 and PCU-018) (Supplementary Table 2). Grafts were implanted into the interscapular fat pad and monitored weekly for tumor growth for up to 9 months post-implantation for initial growth. When xenografted tumors reached ~1500 mm3, they were sequentially passaged into new mice under the same conditions and using the same protocol as the original implants. A PDX model was defined as established when stable growth over at least three passages and regrowth after a freeze-thaw cycle could be observed. At each mouse-to-mouse passage, representative samples were cryopreserved, snap-frozen in liquid nitrogen and/or FFPE processed.





Immunohistochemistry

FFPE patient tumors and PDX blocks were sectioned and slides immunostained with the following antibodies: cytokeratin cocktail AE1AE3 (M3515, Agilent), androgen receptor (M3562, Agilent), hCD45 (IR751, Agilent), PSA (M0750, Agilent), ERG (AC-0105, Clinisciences), NKX3.1 (AC-0314, Clinisciences), PTEN (ab228466, Abcam), Ki67 (M7240, Agilent), P53 (GA616, Agilent), synaptophysin (IR660, Agilent) and chromogranin A (M0869, Agilent). After heat antigen retrieval as specified by provider, experiments were performed using Dako Omnis Instrument, EnVision FLEX, High pH kit for revelation (GV800, Agilent) for hCD45, cytokeratin cocktail AE1AE3, PSA, P53, synaptophysin, ERG and chromogranin A, or Leica Bond III Instrument for androgen receptor, Ki67 and NKX3.1 and on Autostainer 480S instrument for PTEN. The conditions are described in the Supplementary Table 3.





Tissue processing for transcriptomic and genomic studies

Frozen samples were processed on ice. For DNA and RNA isolation, patient and PDX tumor fragments were processed using Qiagen Allprep DNA/RNA mini kit according to manufacturer’s instructions. Briefly, DNA and RNA were simultaneously extracted and purified. Nucleic acid yield and quality was assessed by NanoDrop spectophotometer ND8000 and RNA quality was further evaluated using Agilent 2100 Bioanalyzer.





Short tandem repeat signature

The identity of each PDX was periodically authenticated by profiling STRs. Patient tumors and corresponding PDX DNA samples were subjected to STR using PowerPlex® 16 HS System (Promega, ref DC2101) that amplifies 16 STR loci and the amelogenin gender-determining marker, according to manufacturer’s instructions. PDXs passed authenticity when >80% match in alleles was obtained. PCR products were separated by capillary electrophoresis on ABI prism 3500 and results were analyzed using GeneMapper software (v5).





Whole exome sequencing

DNA extracted from tumorgraft tissues with adequate quality was subjected to WES by IntegraGen (France, Evry).




Sequence alignment and variant calling

Base calling was conducted using the Real-Time Analysis software sequence pipeline (2.7.7) from Illumina with default parameters. In order to remove contaminating mouse reads, raw reads were classified depending on their species of origin (graft or host) using the Xenome tool (23). Raw human reads were aligned on human hg38 genome using the Burrows-Wheeler Aligner (BWA) tool (24). Duplicated reads were removed using Sambamba (25). Variant calling of somatic single nucleotide variants (SNVs) and small insertions/deletions (indels) was performed using the Broad Institute’s GATK MuTect2 tool (2.0, –max_alt_alleles_in_normal_count=2; –max_alt_allele_in_normal_fraction=0.04) against a Panel of Normals (PON) comprising 107 normal samples sequenced by IntegraGen following the same protocol (26). Ensembl’ Variant Effect Predictor (27) (VEP, release 95) was used to annotate variants with respect to functional consequences (type of mutation and prediction of the functional impact on the protein by SIFT 5.2.2 and PolyPhen 2.2.2) and frequencies in public (dbSNP151, 1000 Genomes phase 3, gnomAD 17-02-28, COSMIC v86) and in-house databases.





Somatic variant analysis

To keep/detect only reliable somatic variants, the following post-filtering steps were applied:

	-QSS score ≥ 20 (the average base quality of variant bases)

	-coverage ≥10 in the tumor

	-variant allele fraction in the tumor (VAFT)≥0.05 with ≥5 mutated reads

	-gnomAD_Global_AF < 1e-5

	-IntegraGen proprietary database AF < 0.01

	-coding



We highlighted genes belonging to the list of 120 prostate cancer drivers defined by Armenia et al. (28).





Copy-number analysis using genotype data

Two complementary approaches were used to reconstruct the copy-number profiles of the tumors.

* Copy-number analysis using genotype data

We identified germline Single-Nucleotide Polymorphisms (SNPs) in each sample, and we calculated the coverage log-ratio (LRR) and B allele frequency (BAF) at each SNP site. Genomic profiles were divided into homogeneous segments by applying the circular binary segmentation algorithm, as implemented in the Bioconductor package DNAcopy, to both LRR and BAF values. We then used the Genome Alteration Print (GAP) method to determine the ploidy of each sample, the level of contamination with normal cells and the allele-specific copy number of each segment (29). Ploidy was estimated as the median copy-number across the genome. Chromosome aberrations were then defined using empirically determined thresholds as follows: gain, copy number > ploidy + 0.5; loss, copy number < ploidy – 0.5. We considered a segment to have undergone Loss of Heterozygosity (LOH) when the copy number of the minor allele was equal to 0.

* Copy-number analysis based on coverage

We calculated the coverage log ratio in each bait of the exon capture kit between the tumor and a panel of normal. Log-ratio profiles were then smoothed using the circular binary segmentation algorithm as implemented in the Bioconductor package DNAcopy. The most frequent smoothed value was the zero level of each sample. Segments with a smoothed log ratio above zero + 0.3 or below zero − 0.3 were considered to have gains and deletions, respectively. High-level amplification and homozygous deletion thresholds were defined as the mean +/- 5 s.d. of smoothed log ratios in normal regions, respectively. This approach does not provide absolute copy-number estimates but has a higher definition than the previous one as there are more exon capture baits than germline polymorphisms. It was used to characterize focal aberrations such as high-level amplifications and homozygous deletions.

Genomic analyses were performed with MERCURY™, an online biological interpretation tool for oncology. https://integragen.com/fr/bioinformatique/mercury






RNA-Seq sequencing and analysis

Libraries were prepared with NEBNext® Ultra™ II Directional RNA Library Prep Kit for Illumina protocol according to supplier recommendations.

Briefly, the key stages of this protocol are successively: the purification of PolyA containing mRNA molecules using poly-T oligo-attached magnetic beads from 100ng total RNA (with the Magnetic mRNA Isolation Kit from NEB); a fragmentation using divalent cations under elevated temperature to obtain approximately 300bp pieces; double strand cDNA synthesis, and finally Illumina adapter ligation and cDNA library amplification by PCR for sequencing. Sequencing was then carried out on Paired-end 100b reads of Illumina NovaSeq. Image analysis and base calling is performed using Illumina Real Time Analysis with default parameters.





First analysis

Quality of reads was assessed for each sample using FastQC (V.0.11.4; http://www.bioinformatics.babraham.ac.uk/projects/fastqc/).

RNA-SeQC provided key measures of data quality. These metrics were shown within Reporting and included yield, alignment, and duplication rates, rRNA content, regions of alignment (exon, intron and intragenic). Alignment was performed by STAR (https://github.com/alexdobin/STAR).

The duplicate reads (e.g., paired-end reads in which the insert DNA molecules have identical start and end locations in the Human genome) were removed using Sambamba tools (https://github.com/biod/sambamba).





Second analysis

Variant calling for the identification of SNVs (Single Nucleotide Variations) and small insertions/deletions (up to 20bp) was performed via the Broad Institute’s GATK Haplotype Caller GVCF tool.

Ensembl’ VEP (Variant Effect Predictor, Release) program was used to process variants for further annotation. This tool annotates variants, determines the effect on relevant transcripts and proteins, and predicts the functional consequences of variants. This included considering data available in gnomAD, the 1000 Genomes Project and the Kaviar databases. Moreover, an in-house database enabled to filter out sequencing artefacts.





Third analysis

Five bioinformatics algorithms for pathogenicity were used to predict the functional, molecular, and phenotypic consequences of coding and non-coding SNPs. This included DANN, FATHMM, MutationTaster, SIFT and Polyphen. The clinical and pathological significance was also added from the ClinVar database. Other information reported included quality score, homozygote/heterozygote status, count of variant allele reads, and presence of the variant in the COSMIC and OncoKB databases.

RegulomeDB was used to annotate SNPs in known and predicted regulatory elements in the intergenic regions.





Fusion transcript analysis

To detect fusion-genes candidates in RNA-seq data, FusionCatcher (start with fastq files) and STAR-Fusion (start with alignment files) were used to achieve higher detection efficiency (30, 31). These were run using default configurations. In silico validation of a list of fusion transcript predictions was then performed using FusionInspector, a component of the Trinity Cancer Transcriptome Analysis Toolkit (CTAT) (32). FusionInspector assisted in fusion transcript discovery by performing a supervised analysis of fusion predictions, attempting to recover and re-score evidence for such predictions. Fusion-gene candidates were annotated according to several databases of known fusion genes found in healthy samples (known false positives) including the 1000 Genome Project, ChimerDB2, GTEx and cancer databases such as COSMIC, 18Cancers.





Expression

Counting of reads per gene was performed using STAR with –quantMode GeneCounts option. Next, raw count was normalized using the Transcripts Per Kilobase Million (TPM) method.

Analyses were performed with Galiléo™, a cloud-based app for dynamic exploration of RNA-Seq expression data. https://integragen.com/fr/bioinformatique/galileo





In vivo efficacy studies

For preclinical in vivo drug testing, tumor fragments were implanted into the interscapular fat pad of NMRI nude immunodeficient mice strain as described above. When tumors reached a volume comprised between 65 and 270 mm3, mice were randomly assigned to the vehicle or treatment groups (n=6-8 per group). Mice were then treated with 20 mg/kg docetaxel (1 dose every 3 weeks by intraperitoneal route, MedChemExpress, HY-B0011), 12 mg/kg leuprorelin (1 dose/week by subcutaneous injection, MedChemExpress HY-13665), 60 mg/kg enzalutamide (5 doses/week by oral gavage, MedChemExpress HY-70002), 200 mg/kg abiraterone (daily by oral gavage, MedChemExpress HY-70013) and 75 mg/kg olaparib (daily by oral gavage, MedChemExpress HY-10162). Olaparib was also administered in combination with abiraterone and enzalutamide at the same doses and schedule. Drugs were prepared in different solution; in 20% of a mix (50% Tween80 + 50% Ethanol), 80% NaCl 0.9% for docetaxel, in NaCl 0.9% for leuprorelin, in 10% DMSO + 40% PEG300 + 50% (0,5% Tween80) in NaCl 0.9% for enzalutamide, and in 10% DMSO + 90% (10% HP-β-CD) in PBS 1x for abiraterone and olaparib. Mice were treated until one animal reached the maximum ethical limit tumor volume of 1500 mm3 and/or a body weight loss > 20% for 3 consecutive measurements compared to the first day of treatment, in this case the entire group was removed from the study. Tumor volume was measured twice a week with a caliper and calculated as: TV (mm3) = [length (mm) x width (mm) 2]*π/6, where the length and width are the longest and shortest diameters of the tumor, respectively. For evaluation of therapeutic response, tumor growth was calculated as ΔT/ΔC in percentage where ΔT and ΔC are tumor volume changes relative to initial mean tumor volume for treated group (T) and control group (C), respectively, at a specific day. Response to treatment was also classified using the modified Response Evaluation Criteria in Solid Tumors (mRECIST) using the percentage of tumor volume change at the last day of treatment compared with the tumor volume at day 0 and classified as follows: complete response, BestResponse < −95% and BestAvgResponse < −40%; partial response, BestResponse < −50% and BestAvgResponse < −20%; stable disease, BestResponse < 35% and BestAvgResponse < 30%; progressive disease, not otherwise categorized (33). Health status and body weight for all mice were recorded twice weekly to control any adverse effects.





Statistical analysis

Comparisons between PDX treatment responses were presented as mean ± SEM. ns, P>0.05; *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001 comparing treated to control groups using a two-way ANOVA followed by a Dunnet’s multiple comparisons post-test.






Results




Establishment of prostate PDXs

The aim of the present work was to generate PCa PDX models for preclinical applications. To this end, we worked in close collaboration with the Urology department of Strasbourg Hospital and the urological Clinic of Nantes to collect specimens from patients who had undergone surgery or, in a few cases, biopsy. Between 2010 and 2019, we processed 240 PCa samples from 237 patients. Collected samples were obtained from therapeutic or diagnostic procedures: 205 prostatectomies (85%), 31 transurethral resections of the prostate (TURP) (13%), 1 pelvectomy and 1 directly after biopsy (Supplementary Table 1). All men with a presumed diagnosis of PCa were eligible. The median patient age was 64 years (range 43 - 89 years). All the implanted tumors were obtained from localized or regionally advanced diseases, namely 238 primary tumors and 2 samples that were derived from regional lymph node metastasis (Supplementary Table 1). PDX models were developed from patients across the disease progression, i.e., treatment-naïve to castrate resistant disease.

Viable tumor tissues were xenografted subcutaneously into various strains of immune-deficient mice (for details see materials and methods). For each graft, 2 to 5 mice were used depending on material availability. Eighteen primary implants gave rise to a first tumor growth in mouse: 67% originated from prostatectomies (11 RP and 1 pelvectomy out of 18), 28% from specimens harvested following TURP (5 out of 18) and 5% from lymph node metastasis (1 out of 18). We obtained a low take rate probably due to the variability of the amount of viable tissue submitted for PDX development, mouse strain used and engraftment site. It took between 2.5 and 7.5 months to observe the first growth in mouse irrespectively of tumor stage. Nine tumors that grew did not survive after passage 1. The other half (9 tumors) were successfully propagated beyond three passages. Unfortunately, 3 models did not grow after freezing/thawing despite attempts in several strains of mice and 1 model was contaminated by lymphoma.

In total, we established 5 sequentially transplantable PDXs as working models. PCU-012 and PCU-018 PDX models were derived from primary local tumor samples from treatment-naïve patients. C901 PDX model was obtained from TURP. At the time of surgery, the corresponding patient was responsive to androgen-deprivation therapy (ADT). Cancer progressed and the patient underwent an additional palliative TURP eight months later. TURP chips were obtained and successfully implanted to generate the C1022 PDX model, which displays a neuroendocrine phenotype. PCa samples for the establishment of G266 were obtained at pelvectomy and correlated with a recurrence. Supplementary Table 4 summarizes the whole clinical annotated data from patients from whom PDXs were derived.





Histological and genomic characterizations of PDXs




H&E

A histopathological comparative analysis of the H&E-stained slides of patient tumors and PDXs was performed. In 4/5 cases, the morphological features of the PDX replicated closely the human primary tumors. PCU-012 primary tumor and PDX model were Gleason 5 + 4 with solid pattern and scattered glandular lumens. PCU-018 PDX model had the same pattern of pleomorphic giant cell adenocarcinoma as observed for the primary tumor (Gleason 5 + 5). C901 PDX displayed the same cribriform and complex papillary pattern (equivalent Gleason 4 + 4) as for the primary tumor classified as ductal adenocarcinoma (Gleason 5 + 4). C1022 human tumor showed two distinct components, an adenocarcinoma with the same cribriform/papillary features described for C901, and a neuroendocrine small cell carcinoma with sheets of basophilic cells and extensive necrosis; the C1022 PDX mimicked only the neuroendocrine carcinoma component. G266 patient tumor and PDX were both graded Gleason 5 + 5 (Figure 1A).




Figure 1 | Histological and genomic characteristics of patient’s tumors and paired derived patient-derived xenografts (PDXs). (A) Comparative analysis between patient tumor and corresponding PDX model assessed by hematoxylin and eosin (H&E) staining and demonstrating feature preservation. Scale bar corresponds to 100 μm except for G266 (20 µm). H&E slides were reviewed by a board-certified pathologists and representative pictures are shown. (B) Short tandem repeat signature of a patient specimen and PDX tumor, an example of the C901 case. (C) Number of variants identified. (D) Somatic genomic landscape of 5 prostate PDXs analyzed using a whole exome sequencing approach.​ FAA (Fraction of Aberrant chromosome Arms); FAG (Fraction of Aberrant Genome); SNV: single nucleotide variation; Stars indicate two mutations in the same gene​.







STR

Using Short Tandem Repeat (STR) profiling, we confirmed the concordant genetic identity between patient tumors and derived PDXs (Supplementary Figure 1), with 100% of conserved STR for 4 models, an example of C901 STR profile is shown in Figure 1B. PDX G266 appeared to have minor alleles differences between the patient sample and the derived PDX with a homology rate superior to 80%. Discrepancies were due to the ploidy of the primary tumor since the Copy Number Alterations (CNA) revealed a tetraploid genome (Supplementary Figure 2A).





Genomic alterations

We investigated genomic alterations for cancer-related genes in all 5 PDXs using a whole exome sequencing (WES) assay, which enabled the detection of mutations (Supplementary Table 5), CNA (Supplementary Tables 6, 7), tumor mutational burden (TMB), and MSI status (Figure 1 and Supplementary Figure 2).

We initially considered 97 cancer driver genes and added 23 genes with unknown but recurrent significance (28, 34, 35). The frequency of alterations for each gene was compared to data obtained by Armenia et al. (28). As expected, the main altered pathways were the AR, the cell cycle and DNA repair, AKT/mTOR, epigenetic regulators, Wnt and the ubiquitin pathways.

PDX G266 harbored the highest mutational burden (30,99 variant/Mb) (Figure 1C and Supplementary Figure 2B) followed by PDXs C901 (8,46 variant/Mb), C1022 (7,64 variant/Mb), PCU-012 (5,99 variant/Mb), and PCU-018 (3,6 variant/Mb), respectively. G266 displayed a microsatellite instability profile with a homozygous deletion of MSH2 and a loss of MSH6. PDXs G266, C901 and C1022 shared a mutation profile representative of those observed in prostate metastatic tumors such as TMPRSS2-ERG fusion, TMPRSS2, RB1, BRCA2, and KMT2D mutations. For C1022, TMPRSS2-ERG fusion was not detected first and analyzed by Mercury™, probably because it was present in an inferior percentage of cells in C1022 compared to C901 and filtered as not supported by a sufficient number of reads. Based on WES data, this TMPRSS2-ERG fusion was deduced due to the presence of a small deletion on chromosome 21, where the terminals coincided specifically with those genes (Supplementary Figure 3). The deletion appeared more clearly within the genome of PDX C901 but the same breakpoints were found on the logR ratio profile of PDX C1022. G266 and C1022 profiles were consistent with the patients’ tumor history since they were relapses from a primary tumor and were more aggressive than the other patients’ tumors. C901 and C1022 had a homologous deletion of both BRCA2 and RB1, and G266 harbored a deletion leading to a frameshift. Together with other mutations implicated in DNA homologous recombination repair genes, these three PDX models had an eligible profile for pharmacology studies with PARP inhibitors. G266 was the only one to demonstrate AR missense activating mutations (p.(Thr878Ala)) and (p.(Trp742Cys)) present in castration-resistant disease but also a PIK3R2 missense (p.(Gly373Arg)) and PTEN nonsense mutations (p.(Arg233Ter)) stop gained).

PCU-012 had a profile compatible with a genomic instability associated with a CDK12 inactivation, copy number amplifications dispersed across the genome, a copy number aberration on chromosome 8q with focal amplification of MYC and PARP10 and a high number of gene fusions compared to other PDXs. Two alterations were found in the CDK12 gene, a frameshift in exon 6 and a pathogenic missense mutation in exon 10 (p.(Cys952Arg)) in the kinase domain of the protein (Supplementary Table 5). The associated copy number was 2.52 with a high expression level of CDK12 transcript. This model also presented a deletion in BRCA2 (p.(Cys1200Ter)) leading to a frameshift and mutations in two hot spot genes, CTNNB1 (p.(Asp32Tyr)) and KDR (p.(Cys482Arg)). No ETS fusion, nor PTEN, ATM or SPOP mutations were detected which was consistent with the CDK12 phenotype.

PCU-018 had a diploid profile with an important number of deletions (383 deleted cancer genes) spread widely all over the genome with homozygous deletions of the tumor suppressor TSC1 and MACROD2, a hydrolase, which removes mono-ADP-ribosylation and which is implicated in chromosome instability in colorectal cancer (36). Few gains (2 amplifications and 77 gains) and 9 fusions of interest were also found. Three portions of copy neutral loss of heterozygosity (CN-LOH) in chromosomes 1 (77 mb), 11 (11 mb) and 17 (56 mb) were found, respectively. Missense mutations were identified in 3 cancer gene drivers: ATR (p.(His4Tyr)) and Rad3-related protein, implicated in replication stress response (37); USP7 (p.(Arg634Asp)) for ubiquitin specific protease 7, member of the deubiquitinating enzyme family (38); and XPO1 (p.(Ser1031Thr)) a nuclear export protein implicated in cellular homeostasis (Supplementary Table 5) (39).

Taken together, these data highlighted the genetic heterogeneity between our PDX models with common mutations in those from advanced PCa compared to localized ones. They were consistent with genomic aberrations previously described in literature regarding their phenotype and grade.





CRPC-NE and HSPC tumors appear clonal in origin with clonal ancestry

C901 and C1022 PDX models were derived from tumor samples from the same patient at two different time points. The patient was diagnosed with an adenocarcinoma and treated with adjuvant ADT before surgery. He had a transurethral resection of the prostate TURP for a clinical localized Gleason 8 (4 + 4) prostate adenocarcinoma and was treated with ADT. The cancer relapsed eight months later and an adenocarcinoma with 60% of neuroendocrine component was removed (Supplementary Table 4). C901 was tetraploid and C1022 triploid. The mutations of the two PDXs derived from these surgeries were analyzed and compared. They shared 245 mutations. 112 and 129 were specific to C901 and C1022, respectively (Supplementary Figure 2C). Six non-synonymous mutations were identified in cancer driver genes. Mutations of TP53 (p.(Arg335ValfsTer10) frameshift), ARID2 (p.(Glu44Asp)) and KMT2D (p.(Lys5091Arg)) were present in both PDXs as well as the TMPRSS2-ERG fusion, although less were detected in C1022. Two homozygous deletions on chromosome 13 implicating tumor suppressor genes BRCA2 and RB1 were also observed (Figure 1D and Supplementary Table 5). TMPRSS2 (p.(Ser234GlufsTer16)) frameshift, ETV1 (CN-LOH) and TAF1L (p.(Val495Glu)) mutations were only present in C1022. The TMPRSS2 mutation was a translocation between exon 7 and intron 2 of the enzyme β-carotene oxygenase 1, BCO1, a survival prognostic gene (40).

Taken together, these results suggested that these two PDXs models had a common precursor with common mutations but had then evolved separately, under ADT (Supplementary Figure 4) (41).






PDXs recapitulate the molecular subtypes of prostate cancer




Immunohistochemical phenotypes

A nuclear ERG expression was observed for the C901 primary tumor and PDX, as well as in the adenocarcinoma component of human tumor C1022, consistent with the TMPRSS2-ERG fusion detected in C901 and C1022 PDX. Of note, ERG was not expressed in the C1022 human tumor and PDX neuroendocrine carcinoma, however a strong expression of synaptophysin and chromogranin was measured confirming the NE phenotype (Supplementary Figure 5). A loss of PTEN expression was observed for the G266 primary tumor and corresponding PDX in agreement with the non-sense PTEN mutation detected in the PDX. The other primary tumor/PDX pairs showed a conserved expression of PTEN. Among the two PDX derived from hormonal treatment naïve tumors, the androgen receptor expression ranged between low (PCU-018) to high (PCU-12). The expression was also high for the G266 and C901 PDX derived from a tumor collected in a hormone treated patient. It was absent within the C1022 neuroendocrine carcinoma (Figure 2). NKX3.1 expression was detected in all tested PDX, to a lower extend for PDX C1022 consistent with its neuroendocrine profile (Supplementary Figure 5). PDXs were stained for hCD45, a nonspecific lymphocyte marker, to evaluate human lymphoma presence (Supplementary Figure 5). No expression was seen for 4/5 models, a low expression associated with background noise was seen for the C901 PDX model. The stained areas are free of cells or contain red blood cells.




Figure 2 | Immunohistochemical characterization of the 5 PCa PDX models. Representative immunochemical staining for CK (cytokeratin), AR (androgen receptor), PSA (prostate specific antigen), ERG, and PTEN in patient tumor and corresponding PDX model. Scale bar corresponds to 100 µm unless specified.







Hierarchical clustering

We then sought to determine whether our PDX models could be segregated by hormone-sensitive or castrate-resistant tumor phenotype using an unsupervised clustering analysis based on the topmost 1 000 variant genes after RNASeq (Figure 3A). No segregation regarding treatment sensitivity was found but rather a stratification separating PDXs derived from primary tumors from PDX tumors derived from recurrent or metastatic tumors. Derived from a primary localized tumor, PCU-018 was clustered alone. PDXs G266, C1022, C901 and PCU-012 belonged to the same cluster but C1022 appeared in a different subcluster as it was from a CRPC-neuroendocrine tumor. Interestingly, although derived from a primary localized tumor, PCU-012 was also clustered with PDXs derived from recurrent and metastatic tumors. This was consistent with the patient’s outcome since metastases developed shortly after surgery. This supports the accuracy of a gene signature in localized prostate cancer that can predict whether the cancer is likely to spread, or metastasize, early in the course of the disease.




Figure 3 | Analysis of gene expression by RNA sequencing of prostate cancer PDXs. (A) Unbiased hierarchical clustering with a color code panel depicting treatment status (naïve or treated), castrate resistant and neuroendocrine status (CRPC and CRPC-NE) based on genes with the most variant expression (n=1000). (B) Volcano plot representation showing top up and down-regulated genes in tumor with metastatic molecular features (Cluster 2) vs. localized tumors (Cluster 1). (C, D) Gene set enrichment analysis (GSEA) analysis of RMA normalized gene expression. Biological processes are significantly different between Cluster 2 and Cluster 1. (E, F) Heatmap of gene expression signature for the selected gene signature: metabolic gene signature and neuroendocrine gene signature.​ (HS, hormone-sensitive; CRPC, castrate resistant prostate cancer; CRPC-NE, castrate resistant prostate cancer neuroendocrine; HN, hormone-naïve; NES, normalized enrichment score).







GSEA (Gene Set Enrichment Analysis)

Among all 3 011 differential mRNAs, 1 980 genes were over-expressed, and 1 031 genes were under-expressed in cluster 2 (C1022, C901, G266 and PCU-012) compared to cluster 1 (PCU-018) (Figure 3B, Supplementary Table 8). To explore this result further, we performed a GSEA of the MSigDB collections between cluster 1 and cluster 2. GSEA revealed the enrichment of several expected pathways for cluster 2 such as for the gene associated to a metastatic phenotype (NES, 2.81; p=1.14 x 10-26). Notably, cluster 2 samples showed overexpression of genes implicated in fatty acid/glycolysis metabolism, whereas cluster 1 samples overexpressed genes involved in oxidative phosphorylation (NES, 1.45; p=0.009) consistent with the metabolic reprogramming occurring across PCa progression (Figures 3C, D). Additionally, a pathway analysis between the two clusters highlighted the top up and down pathways. Cluster 2, associated with a metastatic phenotype, showed upregulation of androgen/estrogen pathways whereas cluster 1 (localized tumor) highlighted upregulation of inflammation response and IL6-JAK-STAT3, IL2-STAT5 pathways.





Metabolic reprogramming in prostate cancer

We subsequently focused our analysis on metabolism since recent studies have revealed new insights into specific PCa metabolic reprogramming vulnerabilities that can be targeted (42–45). The metabolism gene signature of the 5 PDX models recapitulating some genes involved in oxidative phosphorylation/mitochondrial DNA, in glycolysis and lipid metabolism showed the same clustering as for the topmost 1 000 variant genes (Figures 3A–E). PCU-018 highly expressed oxidative phosphorylation (OXPHOS) and mitochondrial genes such as ACO2, FH and OGDH involved in tricarboxylic acid (TCA) cycle and MT-CO1, MT-CO2, MT-CO3 coding for mitochondrial cytochrome c oxidase and MT-ATP6, MT-ATP8 coding for ATP synthase (Figure 3E). On the other hand, late stage PDX tumors overexpressed a clear subset of genes implicated in glycolysis, fatty acid (FA) oxidation and lactate production such as FBP, FASN or LDH genes. Several studies have shown that TCA cycle dysregulation through OXPHOS inhibition leads to an increased expression of ACACA and FASN genes, suggesting an enhanced FA synthesis and PCa progression (46, 47). Interestingly, the MAOA gene which is shown as responsible for mitochondrial dysfunction and glycolysis promotion in gastric cancer was over expressed in PCU-012, G266 and C901 (48). Overall, these data reflected the metabolic changes that occur in PCa, first from aerobic/anaerobic glycolysis in normal prostate cells to oxidative phosphorylation of cancer cells, and then in metastasis, glycolytic activities and increased oxidation of fatty acids (49). This opened up the possibility to target OXPHOS and mitochondrial activities in PCa to prevent the metabolic switch required for PCa progression (50, 51) and to defuel advanced PCa with metabolic inhibitors (44, 52).

It could be noted that C1022 CRPC-NE PDX also appeared in a different subcluster with an intermediate metabolic state. Neuroendocrine PCa AR-null phenotype presents an unmet clinical challenge and requires further investigation of its metabolic regulation which is still not fully understood. Choi et al., reported enhanced glycolysis associated with lactic acid production in NEPC and proposed to target MCT4 (53); while other groups reported the significance of fatty acid (FA) metabolism, glycolysis or the importance of the carnitine palmitoyl transferase I (CPT1) (54–57). Interestingly, our neuroendocrine PDX model did not express MCT4; no over expression of CPT1 or specific metabolic pathway was noticed, suggesting heterogeneity of neuroendocrine prostate tumors already described (58–60).





NE signature

To validate the neuroendocrine profile of C1022, we evaluated PDX patterns using previously defined NE signatures (61, 62). As expected, the NE subtype PDX was markedly different from non-NE PDX (Figure 3F) and had a pattern of expression in accordance with its neuroendocrine profile, with an absence of AR expression, RB1 loss, low TP53 expression, MYCN overexpression as well as upregulation of POUF2R3, SOX2 and PEG10 and ERG rearrangement (Supplementary Figure 6B). Additionally, the neuroendocrine chromogranin A and synaptophysin markers were diffusely expressed in C1022 primary tumor and PDX, supporting the diagnosis of poorly differentiated neuroendocrine carcinoma (Supplementary Figure 5).

C1022 PDX also overexpressed epigenetic factors such as SRRM4 and EZH2 and showed a downregulation of REST, all implicated in tissue plasticity (Supplementary Figure 6B) (63). Interestingly, PDX C901 revealed expression of some NE genes, which could have predicted the fate of this tumor.





Predictive evolution of the tumor

AR is known to be a key regulator that orchestrates metabolic reprogramming depending on the stage of disease progression (64). Indeed, PDX’s metabolism profiles can be linked to AR status with a drop of oxidative/fatty acid metabolism associated to loss of AR expression for C1022 (Supplementary Figure 6C). These results highlighted the link between metabolic pathways, AR signaling and the stage of the tumor, as well as the importance of identifying the metabolic weaknesses of PCa.

Overall, these molecular signatures highlighted the importance of this analysis as a particularly informative resource for predicting tumor progression and tailoring patient treatment accordingly, as it could have been done for tumor C901 which already expressed NE signature, or for PCU-012, which showed a metastasis signature even though it was a local tumor.






Sensitivity of patient-derived xenografts to standard of care treatment

As described above, the PDX panel presented tumors with diverse clinical and genomic characteristics across the course of PCa disease, allowing to evaluate drug efficacy on either treatment-naïve tumors, hormone-sensitive tumors, or castrate-resistant tumors. We investigated the sensitivity to docetaxel, a standard of care chemotherapy, and enzalutamide, a new generation androgen pathway inhibitor in our established PDX cohort (Figure 4A, Supplementary Figure 7). The response to each treatment reflected the heterogeneous clinical and genomic characteristics of the tumors. As expected, both G266 and C1022 CRPC PDX models were resistant to enzalutamide while the hormone-sensitive C901 PDX model was sensitive and exhibited a partial response. C901 and C1022 PDX models, derived from the same patient, were sensitive to docetaxel with a clear response for C901 and a partial response for C1022, while G266 was resistant (Figure 4A). Treatment responses of these two models reflected the hormone-resistance acquisition of the patient over time. Interestingly, PCU-018 from a localized and treatment-naïve tumor, was resistant to docetaxel and enzalutamide (Figure 4A).




Figure 4 | Preclinical testing of a panel of therapies from chemotherapy to targeted therapy. Mice (n=6-8 per group) with established PDXs (65 mm3 - 270 mm3) were treated with various drugs or control vehicle. Tumors were measured at the indicated time points. (A) PDX response to docetaxel and enzalutamide according to tumor growth inhibition (TGI) presented as the ΔT/ΔC ratio and calculated as the ratio of the mean tumor volume for the treated vs. control group, with a response when ΔT/ΔC < 0%, a partial response when ΔT/ΔC 0-50% and no response when ΔT/ΔC >50%. (B) PDX response to docetaxel and enzalutamide treatment according to modified mRECIST 1.1 classification. (C) Growth response curves of C901 (androgen-dependent) and C1022 (castrate-resistant) PDX models generated from the same patient to docetaxel, leuprorelin and enzalutamide administrations. (D) Sensitivity of the castrate resistant neuroendocrine PDX (C1022) to androgen receptor inhibitors, to olaparib, a PARP inhibitor, given alone or in combination. Data are presented as mean ± SEM. nsP>0.05; **P<0.01; ***P<0.001; ****P<0.0001 comparing treated to control groups using a two-way ANOVA followed by a Dunnet’s multiple comparisons post-test​.



In a clinical situation, the Response Evaluation Criteria in Solid Tumor (RECIST) are prevalently used to assess treatment responsiveness. Correspondingly, modified RECIST (mRECIST) was suggested to evaluate the treatment response in PDX model (33, 65). The mRECIST is estimated using the percentage of tumor volume change at the last day of treatment compared with tumor volume at day 0. We considered “responders” PDXs that showed a complete response (CR), partial response (PR) or stable disease (SD) and “non-responders” those with a progressive disease (PD) status. C901 was responsive to docetaxel treatment with a negative tumor volume change indicating shrinkage of the tumor after treatment, even though a tiny ball remained palpable; whereas using the modified RECIST classification, C901 was classed as a stable disease (SD) and not a responsive tumor (Figure 4B). The tumor response associated with C1022 was classed as a progressive disease (PD).

We then focused on C901 and C1022 PDX models which are interesting as they can provide a relevant preclinical tool to identify resistance mechanisms and to develop new therapeutic strategies. Both models were treated with androgen deprivation therapies (ADT), leuprorelin and enzalutamide, and with the chemotherapeutic docetaxel for at least 21 days. The hormone-sensitive model, C901, displayed relatively slow growth compared to the neuroendocrine castrate-resistant model C1022 as it took 60 days to reach tumor ethical size in the C901 vehicle group compared to 21 days for C1022 (Figure 4C). C901 tumor growth was significantly delayed when treated with enzalutamide while C1022 was a non-responder, correlating with their respective characteristics. Both models were responsive to docetaxel treatment, but an acquired resistance appeared for C1022. None of these two PDX responded to leuprorelin treatment which was used to treat the patient before and after the first surgery, the tumor of whom became resistant at the time of the second surgery, eight months later. Collectively, these analyses shed light on the occurrence of resistance in the same patient and the possibility of studying this through corresponding PDXs. Furthermore, the characteristics of PDX C1022 were consistent with the differentiation of neuroendocrine tumors, which were characterized by a highly proliferative profile, lack of responsiveness to hormonal therapies, and poor prognosis (66, 67).





Inhibition of PARP significantly improves antitumoral response of CRPC-NE PDX compared to ADT

PARP inhibitors have recently been approved for patients presenting defects in homologous recombination repair (68, 69). Since the neuroendocrine castrate resistant C1022 model was unresponsive to all tested drugs and had a homologous deletion of BRCA2, we assessed the antitumor activity of the PARP inhibitor, olaparib, on this model. Given that previous works have demonstrated the improved efficacy of olaparib compared to androgenic pathway inhibitors (70) and given that clinical trials are now focusing on combining PARP inhibitors with other treatments such as androgenic pathway inhibitors (71), we decided to evaluate the efficacy of olaparib also in combination with either enzalutamide or abiraterone. As previously observed (Figure 4C), this rapidly growing PDX reached maximum ethical tumor volume between days 21 and 22. The response to androgenic pathway inhibitors was also consistent with our previous results; C1022 PDX was unresponsive to enzalutamide and presented no response to the other inhibitor abiraterone (Figure 4D). Tumor growth was drastically reduced upon treatment with olaparib. In some mice, no tumors were even detectable at the end of the study. Of note, no adverse effects were noticed in any of the treated groups (data not shown).

Taken together, these data were consistent with the patient’s tumor responses and paved the way to new therapeutic strategies for patients with CRPC-NE.






Discussion

Preclinical relevant models for drug development are still very much needed. Genetic and molecular characterizations of PDX models have confirmed their utility as avatars for testing new therapies and combinations as they maintain a high degree of molecular fidelity to the original patient’s tumor (33, 72–74). PCa PDX models have been shown to capture the biological and molecular heterogeneity of the patient’s tumor, preserved histopathology features as well as genome architecture and global gene expression (75). However, their development remains challenging as their take rate is amongst the lowest, they proliferate very slowly and only high grade PCa with Gleason scores above 8 culminate in research ready to use preclinical models (15, 76).

We report here, like others, that our collection of 5 PDXs derived from PCa preserved the histological and molecular properties of patients’ tumors (15, 77).

From weakly to highly rearranged genomes, these PDX models reflect the heterogeneity of genomic variations in PCa encompassing different patterns of alterations. We described potential actionable genetic drivers such as MYCN and PARP10 (78) that are amplified in the PCU-012 model. These mutations were sufficient to induce a CDK12 phenotype as described by Wu et al. (79).

We also described a drug response effect using new therapies such as the PARP inhibitor olaparib with our CRPC-NE PDX model that, used as a monotherapy, could reduce tumor growth significantly. Combination therapy did not improve efficacy, probably due to the high dose of olaparib, which, already greatly reduced tumor volume alone and because of the neuroendocrine nature of the C1022 tumor given that abiraterone and enzalutamide are efficient on AR+ tumors. In order to optimize treatment and evaluate a potential additive or synergistic effect for combination treatments, it would be interesting to explore the effect of olaparib at graded doses on BRCA2 and AR+ mutated PDX models. Overall, these data confirmed the efficacy of PARP inhibition on BRCA2-mutated tumors. This opens the field for targeting other Homology Directed Repairs (HDRs) in PCa, including the aggressive neuroendocrine subset that presents very few treatment options. Beyond PDXs with BRCA2 mutations, those PDXs with deficiencies in other DNA-damage repair-associated genes (e.g., PALB2) should be eligible to treatments with PARP inhibitors since they may benefit from PARP inhibition, as suggested by Abida et al. (80). With its MSI-H profile, G266 should be a good model for testing immune checkpoint inhibitors (81). Our models could thus be useful for evaluating such new potential therapies alone or in combination.

We identified two clusters according to their hierarchical expression pattern characterization: a cluster with PDXs derived from primary localized tumors and a cluster derived from advanced tumors. It was interesting to observe that these two clusters could be further characterized by their metastatic potential, as highlighted by the expression levels of both the genes involved in metastasis processes and EMT and FA genes known to be key instruments of tumor dissemination. This information is crucial in the choice of the patient’s further treatment, as demonstrated by our PDXs PCU-012 and C901: both of which were derived from local primary tumors, but which already harboured the molecular signatures of epithelial to mesenchymal transition and FA metabolism. It has been previously published that repeated exposure to anticancer therapies may select carcinoma cells with partial mesenchymal phenotype coincident with the emergence of drug resistance (82, 83). The C901 PDX model, although hormone-sensitive, already mirrored drug resistance with its intrinsic tumor heterogeneity. This was supported by the stable disease (SD) state measured with mRECIST classification, where a residual tumor was still measurable after treatment with enzalutamide. It would be of interest to test different therapies based on the expression pattern analysed combining anti-MYC and PARP inhibitors with metabolic inhibitors for the PDX PCU-012 with a CDK12 phenotype.

As described previously, the remarkable plasticity in lineage identity of PCa cells might explain the development of ADT resistance and the emergence of CRPC and CRPC-NE phenotypes (63). This could be observed thanks to a further analysis of epigenetic drivers responsible for cellular plasticity and/or neuroendocrine differentiation (41, 84–86). High expression levels of those biomarkers of plasticity were measured in PDX C1022, probably promoting lineage, resistance to androgen-targeting therapies and confirming its NE phenotype. PDXs C901 and C1022 illustrate the selective pressure under ADT from the primary tumor that was hormone sensitive until the CRPC-NE phenotype.

Finally, we analysed the expression of biomarkers of the metabolism. The dysregulation of metabolism in cancer cells was first described a hundred years ago and is now being reconsidered taking into consideration non-cancer cells from the tumor microenvironment (87). The TCA cycle is truncated in normal epithelial cells from the prostate and low rate of oxidative phosphorylation is observed (OXPHOS) (88). In PCa with genetic alterations such as PTEN loss, P53 loss and MYC overexpression, the TCA cycle is reactivated for energy production and de novo lipid synthesis. The Warburg effect or aerobic glycolysis is observed in the metastatic stages of the disease. In accordance with the literature, our clustering highlights the metabolic shift in PCa cells with metabolic vulnerabilities that could be novel targets in PCa. As an example, the PCU-018 PDX model is an interesting tool to test small-molecule metabolic inhibitors of the mitochondrial oxidative phosphorylation (89) alone or in combination with other therapies. G266, C901 and PCU-012, according to their profile, could be used to test ACLY and FASN inhibitors (90, 91). With its neuroendocrine phenotype, C1022 appeared to have a different metabolic profile which did not correspond to those already described, opening up other possibilities for new targets (92).

The different molecular signatures identified pave the way to therapeutic solutions and highlight the high heterogeneity of PCa with only these 5 PDX models, illustrated by our various pharmacological results. Different therapies can be tested based on identified genetic drivers, expression patterns and metabolic reprogramming. This information is critical for taking adapted treatment decision for patients, saving time and limiting side effects linked to inappropriate medication.

Overall, this collection spans the clinical heterogeneity of PCa including adenocarcinoma and neuroendocrine phenotypes. This is a dynamic repository, and, to date, we are constantly collecting samples to implement our PDX bank, allowing us to capture the evolving molecular landscape of PCa to support precision medicine.




Limitations of our analyses

In accordance with the patient’s consent, no sequencing of the patient’s tumor or fragment of normal tissue were performed. This introduced a background noise in the calculation of the tumor mutational burden estimated between 100 to 200 somatic variants as it was performed based on a panel of normal and not patient’s tissue.
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Supplementary Figure 1 | Short Tandem repeat (STR) profiling of patient tumors and matched PDXs.

Supplementary Figure 2 | Next-generation sequencing results. (A) Copy Number alterations (CNA) and B-Allele frequency of each PDX model are presented. First panel (CNA): Amplifications are depicted in green, gains in blue, losses in orange and deletions in purple. Copy-neutral loss of heterozygosity is represented in red compared to the reference in black. Second panel B-allele frequency is in red, and reference is in black. (B) The mutational burden for each PDX is represented by a green bar compared to the mutational load of reference tumors. The tumor mutational burden per megabase (TMB) is indicated in the log2 scale for each sample, and microsatellite instability–high (MSI-H) versus a microsatellite-stable (MSS) status. (C) Variant allele frequency comparison between C901 and C1022 PDX models. ​

Supplementary Figure 3 | TMPRSS2 ERG fusion. Chromosome 21 representation for C901 and C1022 PDX models.

Supplementary Figure 4 | Deciphering of CRPC-NE emergence through genomic analysis. Model of evolution occurring during prostate cancer progression for the patient from whom C901 and C1022 were generated, suggesting a common precursor and a divergent clonal evolution.

Supplementary Figure 5 | Immunohistochemical staining for PDX model characterization. Representative immunochemical staining for NKX3.1, CD45 in PDX models. SYN (synaptophysin), and CgA (chromogranin) immunochemical staining in patient tumor and corresponding PDX model. Scale bar corresponds to 100 µm.

Supplementary Figure 6 | Transcriptomic analysis. (A) Normalized enrichment score (NES) of GSEA for hallmark gene sets showing top up and down-regulated genes in metastatic tumors vs. localized tumors. (B) Expression of neuroendocrine markers in all PDX models. (C) Upregulated and downregulated metabolic hallmark pathways according to the AR level expression in PDX models.

Supplementary Figure 7 | PDX response to docetaxel and enzalutamide. PDX response to docetaxel and enzalutamide treatment (n= 6-8 mice per group). Data represent the average tumor volume (mm3) of each group ± SEM. ns, P>0.05; *, P<0.05; **, P<0.01; ***, P<0.001; ****, P<0.0001 comparing treated to control groups using a two-way ANOVA followed by a Dunnet’s multiple comparisons post-test.​

Supplementary Table 1 | Xenografted prostatic tissues.

Supplementary Table 2 | Characteristics of the PCa PDX panel.

Supplementary Table 3 | Immunohistochemical staining information.

Supplementary Table 4 | Summary of clinical and pathological data of PCa patients whose tumor material was used to generate PDX models.

Supplementary Table 5 | All somatic mutations.

Supplementary Table 6 | All chromosome aberrations.

Supplementary Table 7 | Amplifications and deletion.

Supplementary Table 8 | List of differentially expressed genes.
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Holistic MC38 CRC cell line/  Cell implantation MDOTS/ T cells, B cells, 9 days Preserve immune cell reaction to immune  (39)
approach Melanoma orthotopically/Surgical  PDOTS  granulocytic, monocytic checkpoint inhibitors
specimens lineages, dendritic cells,
MC38 CRC cell line Subcutaneous mouse  MDOTS T cells 5 days Preserve immune cell reaction to CDK4 (40)
tumors and CDKG inhibitors plus immune
checkpoint inhibitors
Colon, pancreas, and  Subcutaneous mouse MDOTS/ Macrophages, T cells, NK 30 days  Preserve the TCR repertoire of the original ~ (41)
lung (14 distinct tissue  tumors/Surgical PDOTS  cells, and B cells fresh tumor
sites) specimens
CRC or lung cancer  Surgical specimens PDOTS  CD45" tumour-resident >10 days In vitro survival of CD45" cells (42
leukocytes
Breast Surgical specimens PDOTS  Peripheral blood and 2-3w Preserve ¥8 T cell activation and tumour 43)
tumour-derived ¥3 T cells cell line cytolysis
Reconstitution ~ Gastric cancer Triple-transgenic MDOTS  CDB8+ splenocytes and 2 days Organoid cytolysis (44
approach mouse model bone marrow-derived DCs
Pancreatic cancer Surgical specimens PDOTS  peripheral blood 6 days Tumor-dependent lymphocyte infiltration (45)

lymphocytes & CAFs

and activation of myofibroblast-like CAFs

MDOTS, murine-derived organotypic tumor spheroids; PDOTS, patient-derived organotypic tumor spheroids;

CAFs, cancer-associated fibroblasts.
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A. Expression levels of metabolism-associated markers MCT4, GLS, ACC, FAS and CPT1A

PDX ID MCT4 GLS ACC
LT 431 127.07 259.22 75.18 88.98 35.83
LT 323 55.35 3.01 ‘ 253.65 133 ‘ 216.22
LT215 163.10 289.14 21241 150.69 2.89
LT 141 106.36 155.91 18.02 4.98 ‘ 235
LT 497 63.05 NA 241 091 0.77
LT 305 80.75 0.26 180.92 60.39 NA
LT 278 20.44 25.72 2373 15.91 99.21
LT 265 153.25 147.56 ‘ 22245 39.22 ‘ 2549
LT 138 75.83 282.47 176.96 299.15 240.00
LT 273 109.68 197.16 187.33 0.25 9.62
LT 255 61.00 245.48 11097 138.61 267
LT 267 160.74 289.78 22225 8.68 3223
LT 458 181.75 237 104.88 3278 1.50
| LT 66 181.04 245.39 1 290.98 297.84 142.99
LT 128 192.95 23522 170.05 203.29 14.25
LT 111 101.63 236.32 46.69 31.36 6.98
LT 220 108.74 221.59 99.07 11.49 93.10
Median 108.74 228.41 170.05 32.78 19.87

B. Expression levels of CD31, LKB1 and the proliferation marker Ki67

PDX ID CD31 LKB1 Ki67
LT 431 532 259.99 164.04
LT 323 45.0 126.88 53.99
LT 215 64.8 197.71 193.55
LT 141 773 148.07 98.91
LT 497 105 NA 72.15
LT 305 263 96.01 80.34
LT 278 270 23048 12142
LT 265 67.5 179.81 119.03
LT 138 280 NA 130.22
LT 273 120 130.94 92.20
LT 255 220 192.79 84.34
LT 267 54.1 186.90 109.04
LT 458 NA 114.58 68.30
LT 66 200 181.59 122.25
LT 128 758 108.79 138.14
LT 111 828 182.17 92.61
LT 220 132 295.27 173.71
Median 80.05 181.59 109.04

NA, Not Available. Values are expressed according to the H-score system. Bold, median values.
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Association between the different analyzed markers using the Spearman correlation test. p-value adjustment method: none. Bold, statistically significant values (p<0.05).
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A. Association with TT (time from implant to explant)

IHC-Expression Cut-off Median TT (95%Cl) logrank

MCT4 106.358 Above cut-off 9 37.3 (30.0;55) 0.3237 Ref

Below cut-off 8 38.9 (32.3;73) 0.62 [0.23;1.63 0.3265
GLS 245.479 » Above cut-off 4 55.2 (37.3;NA) 0.3505 Ref

Below cut-off 12 36.0 (32.055) 1.62 [0.56:5.55 0.3871
ACC 75.176 Above cut-off 12 36.4 (32.0145) 0.0327 Ref

Below cut-off 5 69.0 (36.7:NA) 0.29 [0.07:091 0.0330
FAS 1325 Above cut-off 14 37.5 (32.3169) 0.2968 Ref

Below cut-off 3 35.4 (33.9;NA) 2.21 (0.54;7.30; 0.2464
CPTIA 2354 Above cut-off 13 367 (32.3;55) 0.1641 Ref

Below cut-off 3 45.0 (40NA) 0.43 [0.08;1.45 0.1878
CD31 0.00022 Above cut-off 2 71 (69.0NA) 0.359 Ref

Below cut-off 14 37 (32.3;40) 1.70 (0.48;8.94) 0.4365

B. Association with LT (latency time)

IHC-Expression Cut-off Below cut-off N Median TT (95%Cl) logrank HR (95%Cl) p-value

MCT4 101.627 . Above cut-off 10 20 (10.3; 26.0) v 0.2903 Ref

Below cut-off 7 17 (8.3; 23.3) 1.73 [0.62; 4.72] 0.2849
GLS 245479 ‘ Above cut-off 4 265 (11.7;NA) 0.4658 Ref

Below cut-off 12 18.2 (10.3;25) » 1.43 [0.49;4.96; 0.5209
ACC 176.960 Above cut-off 7 15.0 (10.3;19.3) 0.0009 Ref

Below cut-off 10 242 (8.3;33.3) 0.21 [0.05;0.72 0.0135
FAS 1326 Above cut-off 14 20 (11.7:26) 0.2276 Ref

Below cut-off 3 17 (13.3;NA) 2.44 [0.58;8.66 0.2061
CPT1A 2354 Above cut-off 13 19.3 (11.7;23.3) 0.1957 Ref

Below cut-off 3 25.0 (17.0;NA) 0.46 [0.09;1.56 0.2350
CD31 ‘ 0.000077 Above cut-off 8 17.0 (8.33;23.3) 0.3226 Ref

Below cut-off 8 19.5 (10.33;40.0) 0.58 (0.20;1.70) 0.3200

The TT parameter (time from implant to explant) was used for association analysis. HR, Hazard Ratio; N, number of mice.
The LT parameter (latency time) was used for association analysis. HR, Hazard Ratio; N, number of mice. Bold, statistically significant p and logrank values.
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Patient Tumor characteristics

sex age Diagnosis et
treatments
Glio10193 male na. Glioblastoma Grade IV no
Glio10315 male n.a. Glioblastoma Grade IV no
Glio10485 female na. Glioblastoma na.
Glio10535 male na. Glioblastoma Grade IV no
Glio10618 female 66 Glioblastoma Grade IV no
Glio10888 male na. Glioblastoma Grade IV no
Glio10995 female na. Glioblastoma na.
Glio11305 male 71 Glioblastoma Grade IV no
Gliol1368 male 49 Glioblastoma Grade IV no
Glio11413 female n.a. Glioblastoma na.
Gliol1414 female 60 Glioblastoma Grade TV recurrence, yes
Gliol1415 male 55 Glioblastoma Grade IV recurrence, n.a.
Glio11575 male 66 Glioblastoma Grade IV recurrence, n.a.
Glio11874 male 63 Glioblastoma Grade IV no
Glio12032 male 69 Glioblastoma Grade IV no
Glio12421 male 61 Gliosarcoma Grade IV no
Glio12464 female 62 Glioblastoma Grade IV no
Glio12826 male 53 Glioblastoma Grade IV no
Glio12827 male 60 Glioblastoma Grade IV ‘ recurrence, n.a.
Glio12856 female 77 Glioblastoma Grade IV no
Glio13066 male 68 Glioblastoma Grade IV no
Glio14227B male 61 Glioblastoma Grade IV no
Glio15194 female 67 Glioblastoma Grade IV no
Gliol5380B female 49 Glioblastoma Grade IV no
Glio15782 female 79 Glioblastoma no
Glio15807 male 42 Glioblastoma Grade IV no

n.a, data not available.
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Description

PD in
vitro

References

Small molecules
CNR2, MAPK8
SHP2

ROS (ferroptosis)
PIM/PI3K/mTOR

RAS/antimitotic
KSP (Eg5)

KSP (Eg5)
Antimitotic
PARP, ATM
PP2A
TOP2B

CHK1
ALK, TRK, JAK2/STAT, Src/FAK

PHGDH

PGDB5

ALK

CAIX/CAXII

Drug combinations
CHK1+RRM2

ALK+chemo
ALK+CDK4/6

ALK+PIM1

BCL2+MDM2; BCL2+ CYCLO/TOPO; BCL2
+MCL1

BCL2-+ferentidine
MGMT+TMZ+TOP2;
HDAC+DOXO
PLK1/BRD4
BCL-2+Aurora A
TBX2
Immunotherapy & other
ALK

Oncolytic therapeutics
aNK cells+anti-GD2
IL-15+anti-GD2

IL-15/21+anti-GD2

TOPI+anti-GD2

TargetTranslator tool for drug discovery
Targeting tumors with low expression of NF1
Antioxidant pathways inhibition

New triple inhibitor

Antimitotic effects of rigosertib

HTS identifying new inhibitors, complete response
in PDXs

New oral inhibitor, liver metastasis model

New inhibitor in taxane- and chemoresistant models
Targeting DNA damage, ATRX mutant NB

New PP2A activators

HTS, redefining MoA of an inhibitor

Prexasertib with chemotherapy in NB

Multikinase targeting

LC-MS-based proteomics, MYCN-associated targets
DNA transposase inhibition impairs DNA repair
New molecule: lorlatinib

New inhibitor, organotypic slice culture

Synergistic effects on replication stress
Crizotinib combination with chemotherapy

Combination screen identifying new synergistic
targets

CRISPR screen, targeting ALK resistance

Venetoclax in combinations with clinically relevant
agents

Synergistic effects of venetoclax and ferentidine
Combination of drugs targeting DNA damage
Rapid zebra fish screen

Screen of dual inhibitors

Screen of new venetoclax combinations

TF addiction is targeted by BETi + CDK7i

Antibody-toxin conjugate directed towards ALK
OHSV expressing mIL-12

Residual disease targeting

Substitution of IL15 for IL2 to limit toxicities

GD2-targeted IL delivery in orthotopic models

GD2-targeted nanoparticle delivery of SN-38

N (SIS IS)N) S

NS |ISIS)INS

NSNS S

N IS]IS|IS S

4

NS |ISIS] s

Almstedt et al., 2020 (52)
Cai et al,, 2022 (73)
Floros et al., 2021 (74)
Mohlin et al., 2019 (75)

Radke et al., 2021 (76)

Hansson et al., 2020 (77)

Masanas et al., 2020 (78)
Grohman et al,, 2021 (79)
George et al., 2020 (80)
Bownes et al., 2022 (81)
Pan et al., 2021 (82)
Lowery et al., 2019 (83)

O’Donohue et al., 2021
(84)

Arlt et al,, 2021 (85)
Henssen et al., 2017 (86)
Infarinato et al., 2016 (87)

Huo et al., 2022 (88)

Nunes et al., 2022 (89)

Krytska et al., 2016 (90)

Wood et al,, 2017 (91)

Trigg et al., 2019 (92)

Dalton et al,, 2021 (93)

Nguyen et al., 2019 (94)
Hindle et al., 2021 (95)
Wrobel et al., 2020 (96)
Timme et al., 2020 (97)
Ham et al,, 2016 (98)

Decaester et al., 2018 (99)

Sano et al., 2019 (100)
Quinn et al., 2022 (101)
Barry et al,, 2019 (102)
Nguyen et al, 2019 (103)
Nguyen et al,, 2022 (104)

Monderrubio et al., 2017
(105)

ALK, anaplastic lymphoma kinase; ATM, ataxia-telangiectasia mutated serine/threonine kinase; BCL, B-cell lymphoma; BET, bromodomain and extra-terminal domain; BRD4,
bromodomain containing 4; CA, carbonic anhydrase; CDK, cyclin-dependent kinase; CHK, checkpoint kinase; CNR, cannabinoid receptor; CYCLO, cyclophosphamide; DOXO,
doxycycline; FAK, focal adhesion kinase; GD2, disialoganglioside; HDAC, histone deacetylase; IL, interleukin; JAK, Janus kinase; KSP, kinesin spindle protein; MAPK, mitogen-
activated protein kinase; MCL, induced myeloid leukemia cell differentiation; MDM, E3 ubiquitin-protein ligase; MGMT, O-6-methylguanine-DNA methyltransferase; oHSV, oncolytic
herpes simplex virus; mTOR, mammalian target of rapamycin; PARP, poly (ADP-ribose) polymerase; PGBDS, PiggyBac transposable element derived 5; PHGDH, phosphoglycerate
dehydrogenase; PI3K, phosphoinositide 3-kinases; PIM, Pim-1 proto-oncogene, serine/threonine kinase; PLK, polo-like kinase; PP2A, protein phosphatase 2; ROS, reactive oxygen
species; RRM2, ribonucleotide reductase regulatory subunit M2; SHP2, protein tyrosine phosphatase; STAT, signal transducer and activator of transcription; TBX, T-box transcription
factor; TF, transcription factor; TOP2, topoisomerase 11 alpha; TOPO, topotecan; TRK, tropomyosin receptor kinase.
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Clinical features Biological features

Grade Time of collection Histo Mutated genes
type
LT 66 TIA (T1aN2MO) G3 Relapse ADC CDKN2A, KRAS, LKBI, TP53 34
LT 111 1IB (T2bN1MO) G3 Relapse ADC CDKN2A, CTNNBI, KRAS, 37
MET, TP53
LT 128 TIA (T2bN2MO0) G3 Relapse ADC CDKN2A, KRAS, LKBI, TP53 55
LT 138 1A (T1aNOMO) G3 Diagnosis ADC ERBB4, FBXW7, LKBI 73
LT 141 TIA (T2aN2Mo0) G3 Relapse ADC CTNNBI, KRAS, TP53 104
LT 215 IV (T2aN2M1) G3 Relapse ADC KRAS, TP53 37
LT 220 A (T3N1MO) G3 Diagnosis ADC - 32
LT 255 IA (T1aNOMO) G2 Diagnosis ADC CDKN2A, CTNNBI, KRAS, TP53 32
LT 265 IV (N/A) N/A Diagnosis ADC FLT3, LKBI, TP53 30
LT 267 IIA (T1aN2Mo0) G3 Diagnosis ADC KRAS, PIK3CA 37
LT 273 IIB(N/A) N/A Diagnosis ADC KRAS, LKBI, TP53 34
LT 278 IIA (TXNOMO) y Relapse ADC LKBI 69
LT 305 TIA (T2bNOMO) G3 Diagnosis ADC APC, KRAS 38
LT 323 IIIA (T4NOMO) G3 Diagnosis ADC NRAS, TP53 35
LT 431 TIA (T4NOMO) G3 Diagnosis ADC - 90
LT 458 IV (T3N3M1) G3 Diagnosis | anc KRAS, LKBI 45
LT 497 IV (T3N3M1) G3 Diagnosis ADC KRAS, LKBI 40

ADC, Adenocarcinoma; T'T, time to transplantation (TT was defined by the tumor size. Tumors were explanted when their volume exceeded 600 mm®), N/A, Not Available; Stage, stage refers to
initial diagnosis and follow TNM edition 7"; Genes: Adenomatous Polyposis Coli (APC), cyclin dependent kinase inhibitor 2A (CDKN2A), catenin beta 1 (CTNNB1), erb-b2 receptor tyrosine
kinase 4 (ERBBA), F-box and WD repeat domain containing 7 (FBXW?7), fms related receptor tyrosine kinase 3 (FLT3), serine/threonine kinase (LKB1), phosphatidylinositol-4,5-bisphosphate 3-
kinase catalytic subunit alpha (PIK3CA).
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Gemcitabine

0.57

Gemcitabine

0.57

1C50 values in nM

GemPac Paclitaxel
(Relative to Gemcitabine)

0.82 7.04

1C50 values in nM

GemErlo Erlotinib
(Relative to Gemcitabine)
0.87 652

GemPac

GemPac
(Relative to Paclitaxel)

0.01
GemErlo

GemErlo
(Relative to Erlotinib)

0.18

Interaction

CI value

1.44 Antagonism

Interaction
CI value

1.53 Antagonism

1C50 values are given for the single drugs and for the GemPac and GemErlo combinations, respectively in nM. The ICs, values of GemPac and GemErlo are given as relative to the
corresponding single drug, based on the molar ratios (2.6). The combination index (CI) and the resulting conclusion of antagonism between the components of the regimen are also given.
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Gene Ref Alt Type Coding Pep dbSNPID HROP68Tul HROP68Tul T1 M2 HROP68Tu2 HROP68Tu2 TO M2

BRCA1 (o} missense Asn277Asp 152054040121 15
CDKN2A A missense Pro75= 15762397298 38
FOXG1 cG C in/del Glul54fs 1$398124204 54 73 49 45
GRIK2 o} T stop Argl98* 1749995448 17

KAT6B T C missense Tle413Thr 151842099343 25 31
KRAS (e} T missense Gly12Asp 15121913529 18 30 35 24
RUNX1 A (¢} missense Serd24Ala 152056451534 24 20
SMAD4 T A synonymous Pro303 rs141149381 17

TP53 o} A missense Cys277Phe 15763098116 95 98 87 100

Given are somatic mutations affecting tumor-relevant genes as determined by WES. Also displayed are reference (Ref) and alternative (Alt) nucleobases, the type of mutation, effects on the
protein sequence (Coding Pep), dbSNP IDs, and the variant allele frequencies in %. * marks a premature stop codon.
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5-FU Irinotecan Oxaliplatin Gemcitabine Paclitaxel
1Cso 683 (+252) 032 (+ 0.06) 155 (+ 0.74) 0.00057 (£ 0.00016) 0.0070 (+ 0.00162)
1Coo 118 (£ 3333) 009 (0.01) 030 (+ 0.15) 000024 (+ 0.00024) 0.0024 (+ 0.00142)
Gz 38440 (23) 1704 (24) 503 (25) 98.3 (26) 510 (27)

Erlotinib

6.52 (£ 1.72)
299 (+ 0.86)
1020 (28)

Lapatinib

6.27 (+ 2.96)
187 (+ 236)
14(29)

PRIMA-1Met Olaparib
23.98 (+ 540) 669 (+1.9)
1794 (+ 4.88) 135 (£ 0.09)
250,000 (30) 13.1 (26)

1Csand IC30 values of HROP6STu2 are given in yM for the single therapeutic drugs tested. To allow the integration of the data into a clinical context, the maximun plasma concentrations (Cppe [1M]), reported in patients undergoing chemotherapy, were

supplemented (references in brackets).





OPS/images/fonc.2022.1082927/table3.jpg
FOLFIRINOX

1C50 values in uM Interaction
5-FU FOLFIRINOX Irinotecan FOLFIRINOX Oxaliplatin FOLFIRINOX CI value
(Relative to 5-FU) (Relative to Irinotecan) (Relative to oxaliplatin)
6.83 3.70 0.32 0.05 1.55 0.04 0.71 moderate synergism

ICs values of HROP68Tu2 are given for the single drugs and for the FOLFIRINOX combinations, respectively, in uM. The 1Csy values of FOLFIRINOX are given as relative to the
corresponding single drug, based on the molar ratios (2.6). The combination index (CI) and the resulting conclusion of moderate synergism between the components of the regimen are also
given.
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HROLu55 HROLu22 HROBMLO1

Mean 2521 8.99 122

Closure rate (

Std. deviation 10.18 2.36 0.73
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HROC24 HROLu55 HROLu22 HROBMLO1

Invasion (% cntrl) Mean % 100.2 145.4 . 70.2
Std. deviation 27.8 36.5 . 272
Migration (% cntrl) Mean % 100.0 209.2 90.6

Std. deviation 233 68.8 . 40.2
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Factors PDX succeed (n=171)

Age

Mean (year) 62.25
Gender

Male 116(56.6%)
Female 55(51.4%)

Primary tumor site

Esophagus 21(60.0%)
Stomach 65(39.6%)
Colorectum 85(75.2%)

Sample collection method

Operation 160(55.4%)
Endoscopy 4(44.4%)
Needle biopsy 7(50.0%)
Sample source (Primary or metastasis)

Primary tumor 138(54.5%)
Metastasis tumor 33(55.9%)

Sample source (Primary or recurrence)
Primary tumor 152(54.1%)
Recurrence tumor 19(61.3%)

Treatment before biopsy

No 149(55.4%)
Yes 22(51.2%)
Distant metastasis status

No 103(52.8%)
Single 46(59.0%)
Multiple 21(55.3%)
NA 1

Tumor size (longest diameter)

Mean (mm) 529
Histology

Adenocarcinoma 140(56.9%)
Squamous cell carcinoma 21(63.6%)
Signet ring cell carcinoma 7(25.9%)
Others 3(50.0%)
Differentiation

Poor 89(46.1%)
Moderate 78(73.6%)
Well 4(33.3%)
NA 0

T stage

0 1(25.0%)
1 4(30.8%)
2 19(51.4%)
3 107(59.8%)
4 39(50.0%)
NA 1

N stage

0 60(58.8%)
1 41(58.6%)
2 36(56.3%)
3 33(44.0%)
NA 1

M stage

0 126(52.7%)
1 45(61.6%)
TNM stage

I 11(40.7%)
I 50(57.5%)
11 64(52.0%)
v 46(61.3%)
Ki-67

>60%+ 21(45.7%)
<60%-+ 6(24.0%)
NA 144
Serum AFP level

<20ng/ml 165(56.3%)
>20ng/ml 1(11.1%)
NA 5
Serum CEA level

<5ng/ml 111(55.0%)
>5ng/ml 55(55.0%)
NA 5
Serum CA199 level

<37U0/ml 132(55.0%)
>37U/ml 108(45.0%)
NA 5
Serum CA125 level

<35U/ml 134(53.6%)
>35U/ml 116(46.4%)
NA 5

NA, not available.
"Unpaired two-tailed t test, ®Pearson’s Chi square test, “Fisher’s exact test.
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