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Renal cell carcinoma (RCC) is a kidney cancer with an onset mainly during the sixth or seventh decade of the patient’s life. Patients with advanced, metastasized RCC have a poor prognosis. The majority of patients develop treatment resistance towards Standard of Care (SoC) drugs within months. Tyrosine kinase inhibitors (TKIs) are the backbone of first-line therapy and have been partnered with an immune checkpoint inhibitor (ICI) recently. Despite the most recent progress, the development of novel therapies targeting acquired TKI resistance mechanisms in advanced and metastatic RCC remains a high medical need. Preclinical models with high translational relevance can significantly support the development of novel personalized therapies. It has been demonstrated that patient-derived xenograft (PDX) models represent an essential tool for the preclinical evaluation of novel targeted therapies and their combinations. In the present project, we established and molecularly characterized a comprehensive panel of subcutaneous RCC PDX models with well-conserved molecular and pathological features over multiple passages. Drug screening towards four SoC drugs targeting the vascular endothelial growth factor (VEGF) and PI3K/mTOR pathway revealed individual and heterogeneous response profiles in those models, very similar to observations in patients. As unique features, our cohort includes PDX models from metastatic disease and multi-tumor regions from one patient, allowing extended studies on intra-tumor heterogeneity (ITH). The PDX models are further used as basis for developing corresponding in vitro cell culture models enabling advanced high-throughput drug screening in a personalized context. PDX models were subjected to next-generation sequencing (NGS). Characterization of cancer-relevant features including driver mutations or cellular processes was performed using mutational and gene expression data in order to identify potential biomarker or treatment targets in RCC. In summary, we report a newly established and molecularly characterized panel of RCC PDX models with high relevance for translational preclinical research.
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Introduction

Renal cell carcinoma (RCC) and clear cell renal cell carcinoma (ccRCC) as its major subtype represent 80% of all RCC malignancies and belong to the 10 most commonly diagnosed cancers. The prevalence of RCC in adults is higher in men than in women, with a ratio of 1.6–1.9:1.0. This disease mainly occurs during the sixth or seventh decade of patient lives, with an average onset at 64 years (1). In addition to ccRCC, RCC comprises a variety of subtypes as outlined in the 2016 World Health Organization (WHO) classification (2). Less common kidney cancer subtypes include papillary (10%–15%), chromophobe (5%), and other rare tumors of the nephron and collecting duct system. Of note, these subtypes arise from different parts of the nephron. Whereas the main subtypes ccRCC and papillary RCC arise from proximal tubules, chromophobe RCC is supposed to originate from distal parts of the nephron (3, 4). In ccRCC, the VHL gene, mapped on human chromosome 3p25, has been implicated in both the hereditary and sporadic forms. Under physiological conditions, the VHL protein functions as a tumor suppressor (5). Heterozygous inheritance of the VHL allele results in a high risk of developing ccRCC (6). Further frequent somatic gene mutations in familial RCC had been discovered including BAP1, CDKN2A, MET, PBRM1, PTEN, SETD2, TP53, and TSC1, some of which also occur in sporadic forms of the disease and correlate with decreased survival (3).

Advanced imaging techniques enable early detection of localized pT1a RCC, providing the best opportunity for complete tumor dissection. Hence, the 5-year survival rate of pT1a tumors is approximately 95%, which rapidly declines with higher stage, grade, and metastasis. VEGF receptor tyrosine kinase inhibitors (RTKIs) have been the first targeted drugs introduced for the treatment of advanced RCC (7, 8). A second class of small molecules successfully utilized for the treatment in RCC include mTOR inhibitors (9, 10). Recently, the combination of ICIs targeting the PD-1/PD-L1 axis with VEGF RTKI demonstrated superior efficacy in a randomized phase III trial (11). The combination of cabozantinib and nivolumab improved the clinical outcome in treatment-naive advanced RCC compared to monotherapy with sunitinib with a median progression-free survival of 16.1 vs. 8.3 months (12). Consequently, the combination of immune checkpoint blockade and VEGF inhibition rapidly evolved as a novel standard in first-line therapy of RCC and is recommended by guidelines (13).

RCC is a heterogeneous tumor, and despite highly successful targeted therapies in primary RCC, treatment of advanced metastatic disease remains a therapeutic challenge. A leading determinant of treatment resistance in RCC might be a result of pronounced intra-tumor heterogeneity (ITH). Factors contributing to distinct ITH like specific histology, and variable and diverse molecular features account for poor survival in metastatic disease (14). Additionally, adaptive and acquired drug resistance is frequently observed in a high proportion of treated patients, and the underlying molecular mechanisms are not yet clearly understood (15).

In comparison to the next-generation VEGF RTKI, the therapeutic effect of mTOR inhibitors, mainly used in the second line (16), was limited. Therefore, the use of mTOR inhibitors might be more reasonable in combination therapies (17). Elevated occurrence of private mutations and expanded tumor heterogeneity in progressed or relapsed metastatic RCC correlate with poor prognosis (18). Additionally, targeting acquired TKI resistance mechanisms in advanced and metastatic RCC remains an unsolved issue, any or all of which require the development of novel therapies for progressed and metastatic RCC to address this high medical need.

PDX models are a validated methodology in preclinical oncology research with high translational relevance (19, 20). It has been reproducibly shown that especially large panels of PDX models can capture unique properties of patient tumors in vivo and can serve as a valuable tool for studying disease mechanisms and patient-specific therapy responses (21). With the current study, we aimed to establish a comprehensive panel of molecularly characterized subcutaneous RCC PDX models, which enables both the preclinical evaluation of novel targeted therapies in correlation to clinical response and the identification of new molecular targets. In addition, this RCC PDX platform can be used to identify and validate RCC-specific biomarkers and, if used on humanized mice, to further refine the use of immuno-oncology combination therapies in personalized medicine.



Materials and Methods


Human Tumor Tissues

Use of patient tissue was approved by the local ethics committees of the Otto-von-Guericke University Magdeburg (87/11, Magdeburg cohort) and the University of Tübingen (622/2020BO, Tübingen cohort). Patient authorization and informed consent were given before tissue collection and execution of experiments.

Human renal carcinoma tissues were retrieved from clinical surgery and transplanted into mice within 24 h. In total, 218 specimens from primary and metastatic RCCs from 167 consenting patients were collected. The establishment and characterization of PDX models were carried out as previously reported (22, 23). In brief, after removal of transport media (RPMI 1640 and 50 µg/ml Gentamicin, both Gibco™, Thermo Fisher Scientific Inc., Bartlesville, OK, USA), the primary human tumor material was sliced into small pieces, rinsed with PBS (Gibco), and subcutaneously (s.c.) transplanted with matrigel supplemented with growth factors (Corning Matrigel Basement Membrane Matrix, Corning GmbH, Kaiserslautern, Germany) into the left flank of anesthetized mice. Engrafted and growing PDX were allowed to reach a tumor volume (TV) of approximately 1 cm³ before retrieval and consecutive in vivo passaging. Xenograft tissue was routinely conserved as vital tissue in FCS/DMSO in liquid nitrogen, snap frozen, and stored at −80°C or prepared as a formalin-fixed, paraffin-embedded (FFPE) specimen.



Development and Establishment of RCC Patient-Derived Xenograft Models

The work conducted in animals is in accordance to the German Animal Welfare Act, and all procedures were approved by local authorities (Landesamt für Gesundheit und Soziales, LaGeSo Berlin, Germany) under approval number H0032-09 for in vivo PDX passages and A0452-08 for preclinical sensitivity experiments. All mice were handled in accordance with the Guidelines for the Welfare and Use of Animals in Cancer Research (24). We do not have evidence for a particular bias of the gender from passage mice for the success rate of RCC PDX establishment. In general, and if possible, the gender of mice for the primary in vivo s.c. transplantation is identical to the gender of the patient from which the tumor derived. Animals were IVC housed under sterile and standardized conditions (22°C ± 1°C, 50% relative humidity, 12-h light–dark cycle, autoclaved food, bedding material, and tap water ad libitum).



Histology and Immunohistochemistry

FFPE blocks were sectioned (5 μm), deparaffinized, and rehydrated. Specimens were stained according to standard hematoxylin–eosin protocol for histopathological evaluation. For IHC staining, 3-µm-thick serial sections of RCC PDX tumor specimen were cut from FFPE tissue samples. Antigen retrieval for staining of CD31, Pax2, and Pax8 was performed in a steamer for 20 min in citrate buffer, pH 6.0. Unspecific binding epitopes were blocked with 4% BSA in PBS for 1 h at room temperature (RT). Tissue incubation with primary antibodies—Ki-67 polyclonal rabbit anti-human Ki-67 antigen (Abcam #ab15580, Germany), CD31 polyclonal rabbit anti-human (Abcam #ab28364, Germany), and rabbit anti-human Pax2 and Pax8 (#PI593C002 and #PI924C002, DCS, Germany)—was conducted 45 min at RT. Detection of Pax2 and Pax8 primary antibodies was performed with EnVision-mouse HRP (Dako, Germany) for 45 min at RT. For detection and visualization, the Signal Stain Boost IHC Detection reagent (#8114S, Cell Signaling Technology, Germany) or Super Vision RED 2 kit (#AD000POL-K, DCS, Germany) was used. After several washes in PBS, sections were stained in Mayer’s hemalum (Carl Roth, Karlsruhe, Germany) for 2 min. After washing in water for 10 min, cover slips were fixed with Dako coverslipper using Dako mounting medium (Dako, Denmark). Validation of IHC staining specificity including the use of negative controls without primary antibody incubation was carried out before the application. Representative pictures from IHC stainings were taken using the Axioskop 40 (100-fold magnification and AxioVision 4.5 the software, both Zeiss, Germany).



In Vivo Drug Response Testing of RCC PDX Models

Thirty-five PDX models of the established RCC cohort of forty-six PDX models were analyzed for their response Standard of Care (SoC) compounds, with ongoing response evaluation for recently established PDX models. Tumor fragments of 3 × 3 mm were subcutaneously transplanted to individual study cohorts utilizing female Rj:NMRI-Foxn1nu/nu nude (Janvier Labs, France) or NOD.Cg-Prkdcscid Il2rgtm1Sug/JicTac (Taconic, Denmark) recipient mice. A digital caliper was used to measure palpable tumor dimensions in width [mm] and length [mm], always reporting the smaller diameter as width and the perpendicular diameter as length. Individual TVs were calculated by the equation:

	

The relative TV of individual tumors on a specific day “x” (RTVx) was calculated using the absolute TV [mm3] of respective tumors on day “x” (dx) and the absolute TV of the same tumor on the day of randomization day 0 (d0) by the equation:

	

Once the tumors reached the predefined mean starting volume (0.1–0.2 cm³), mice were randomly assigned to control and treatment groups. Mice were treated with intraperitoneal injection for bevacizumab 10 mg/kg (Avastin, Roche Pharma AG, Basel, Switzerland) and orally with everolimus 5 mg/kg (Certican, Novartis Pharma GmbH, Nuremberg, Germany), sorafenib 80 mg/kg (Nexavar, Bayer Pharma AG, Berlin, Germany), or sunitinib 50 mg/kg (Sutent, Pfizer Pharma GmbH, Berlin, Germany) for 5 consecutive days on treatment and 2 days off treatment (5 on/2 off) for variable cycles depending on the actual tumor growth of the control group. SoC concentrations were selected based on their clinical application and an allometric scaling approach was used to extrapolate doses of the respective drugs among species (25). Based on previously conducted treatment response characterization experiments, the selected drug concentrations indicate good tolerability and preclinical efficacy. For evaluation of therapeutic response, the ratio of the mean TV of the treated group (T) and the control group (C) was expressed as the T/C value in percentage. The anti-tumor activity of the tested compounds in RCC PDX models was classified using the adopted clinical response criteria for solid tumors (RECIST). We considered a T/C >50% = resistance/progressive disease (PD), > 30% ≤ 50% = minor response/stable disease (SD), >5% ≤ 30% = moderate response/partial response (PR), < 5% = strong response/complete remission (CR) (Figure 4A). Relative tumor volume (RTV) was calculated as the ratio of the TV on the last day before the end of the study and the TV on the first day of treatment. We defined RTV < 1.6 = strong response, 1.6–2.5 = good response, 2.5–5.5 = minor response, RTV > 5.5 = resistance.

Health status and body weight (BW) for all mice were recorded on a regular basis (data not shown), at least twice weekly in order to control for toxic adverse effects.



Transcriptome Sequencing, Data Processing, and Data Analysis

RNA sequencing (RNASeq) of one tumor tissue sample each was performed for twenty-eight established RCC PDX models, comprising 17 clear cell, 8 papillary RCC, and 3 urothelial carcinomas. Next-generation sequencing and bioinformatic raw data processing were performed by ATLAS Biolabs GmbH (Berlin, Germany).



Total RNA Isolation and Sequencing

Snap-frozen PDX tumor tissue (50–100 mg) was disrupted in 1.5 ml of TRIzol™ (ThermoFisher Scientific, Germany) using a gentle MACS dissociator and M tubes (Miltenyi Biotec, Germany) and total RNA was isolated. The RNA integrity was evaluated with the Agilent Bioanalyzer 2100 and the RNA 6000 Nano Kit (Agilent, Germany). The Illumina TrueSeq Stranded mRNA Library Prep Kit was used for preparation of RNASeq libraries following a 100-bp PE-sequencing run on an Illumina HiSeq 2500 device with a depth of 80–100 million reads (40–50 Mio cluster) (Illumina, Cambridge, UK).



Data Processing

The quality of transcript reads was validated with FastQC (26) version 0.11.8. Xenome (27) version 1.0.1 was used for the classification of xenograft-derived sequence reads (human/mouse read splitting) and referenced to human genome hg38 as graft reference as well as mouse genome mm10 as host reference. STAR aligner (28) version 2.6.1a was used to map human specific reads against the Homo sapiens reference hg38. Quality of mapping was validated with QualiMap (29) version 2.2.1 and quantification of transcripts was performed by eXpress (30) version 1.5.1.



Analysis of Copy Number Variations

Copy number variations (CNVs) on the chromosome-arm level were predicted from quantified gene expression and mutational analysis using RNAseqCNV (https://github.com/honzee/RNAseqCNV).



Gene Expression Analysis

RNAseq raw count data were transformed to gene length corrected trimmed mean of M-values (GeTMM) (31) to perform single-sample gene set enrichment analyses (ssGSEAs) (32) (https://github.com/broadinstitute/ssGSEA2.0) regarding cancer hallmarks and angiogenesis/hypoxia-related reactome pathways (33). Gene sets to indicate the angiogenic or T-effector tumor type were generated with a recently published 66-gene signature for RCC (34).



Mutational Analysis in PDX Models

A high sequencing depth of 80–100 million reads within our RNASeq allowed sensitive mutational analysis of the transcriptome including the detection of fusion events. Variant calling and annotation of mapped reads were conducted with GATK 4.0.2.1 (https://github.com/broadinstitute/gatk/releases) (35) and the Ensemble Variant Effect Predictor (VEP), release 94 (https://www.ensembl.org/info/docs/tools/vep/index.html) (36). The subsequent mutational analysis was performed for a set of 31 RCC-relevant genes (37). In order to identify somatic alterations, quality-tested variant calls were filtered based on allele frequencies from gnomAD 3.1. Only variants that either were not included in gnomAD 3.1 or had a gnomAD allele frequency below 0.0001 were considered (Supplementary Table S1).



NGS Panel Sequencing in Corresponding Primary Tumors and Metastases

NGS panel sequencing of primary tumor and metastasis tissue was performed as previously described (37). Briefly, the panel includes 32 genes that are known to play an important role in RCC development and progression. Due to known alignment/sequencing problems, MUC4 was excluded from variant detection. The detected variants were filtered based on allele frequencies from gnomAD 3.1 to identify somatic mutations. Only variants that were either not included in gnomAD 3.1 or had a gnomAD allele frequency below 0.0001 were considered. Genomic positions of variants found only in PDX models were manually examined for supporting evidence in the panel sequencing data.



Transcriptome Analysis in Primary Tumors and Metastases

Transcriptome analysis using GeneChip™ Human Transcriptome Array 2.0 (Thermo Fisher Scientific) was performed as previously described (38) for primary tumors and metastases that were collected for the generation of PDX models and for which sufficient primary or metastatic tissue was available. Calculation of the S3 score was performed as described (37, 39) for primary tumors and metastases that were collected for the generation of PDX models. Classification into S3 score risk groups (high/low) was based on the cutoff value defined in Büttner et al. (39).




Results

The aim of the current study was to establish an RCC PDX platform for preclinical applications including biomarker validation, in vivo response characterization, and testing of novel targeted therapies.

After receiving 218 primary biopsies from 167 patients suffering from renal cancer, a panel of 46 PDX models was established via subcutaneous transplantation of vital tumor tissue (Table 1). This panel includes 33 ccRCC PDX models from 29 patients, 8 papillary RCC PDX models from primary tumor and its respective lymph node metastasis from one patient, 1 chromophobe and 1 sarcomatoid RCC PDX model, as well as 3 urothelial carcinoma PDX models. The median age of all donors was 61 years (range, 37–86 years). Twenty-seven PDX models originated from male patients (59%), 18 from female patients (39%), and 1 of unknown gender (2%) (Table 1). Ten RCC PDX models emerged from metastatic tissue, two from undefined origin, and thirty-four were retrieved from primary and mainly untreated RCC tumor tissues. Clinical response data to SoC or TKI were allocated for seven patients (Ren11145, Ren11619, Ren11244, Ren11254, Ren11324, Ren11670, and Ren12147). Number and time for in vivo passage for all established RCC PDX models were recorded, and the PDX tumors were characterized by histopathology and immunohistochemistry. Representative results were illustrated for selected models (Figures 1A–D).


Table 1 | Clinical and pathological characteristics of RCC patients providing primary kidney tumor tissue for the establishment of PDX models.






Figure 1 | Histopathology, tumor growth characterization, and immunostainings (IHC) of representative PDX models from the RCC PDX panel. (A) Histological examination of patient and PDX tissue from the first (P1) and third (P3) PDX in vivo passage. FFPE tissue was used for 5-µm sections and standard H&E stainings. (B) Tumor growth characteristic of untreated control mice reflecting the heterogeneous biology of RCC regardless of the molecular phenotype. Data from twenty-two RCC PDX models utilized for drug testing studies as mean TV ± SEM, n = 3–6. (C) Representative IHC analyses from RCC in vivo passaged PDX tumors for Ki-67 (proliferation), CD31 or PECAM1 (blood vessels), and Pax2 and Pax8 (renal marker). The brown staining indicates the positivity for the respective markers within the tissue. Scale bar = 100 µm. (D) Exemplary RCC PDX growth curves showing individual TV growth characteristic during in vivo passaging (PT = primary tumor passage, P1–P4 indicate consecutive PDX tumor passages). (E) The gene expression-based ccRCC risk model (S3 score) was calculated for primary tumors and metastases from tissue of the Tübingen cohort collected for PDX generation. In 16 of the 24 cases shown, the PDX establishment was successful. The risk categories of the S3 score are represented by the background color. A high S3 score is equivalent to a good prognosis, while a low S3 score corresponds to a poor prognosis in terms of cancer-specific survival, indicating a correlation between S3 score and successful PDX establishment.



The overall take rate for RCC PDX was determined as 21% and is comparable to previously reported engraftment success rates in other RCC PDX studies (40). However, the probability for successful PDX engraftment strongly correlated with the individual tumor stage. A high positive correlation was found with RCC grade. For tumor tissue samples from grades 3 and 4, we noticed a take rate of 85% and 83%, respectively. Furthermore, engraftment of ccRCC correlated with a recently published gene expression-based prognostic score (S3 score) (39) (Figure 1E). This score models the positive correlation between survival and gene expression similarity of tumor tissue to the S3 region of proximal tubules, which is the presumed region of ccRCC origin. Consistently, a high S3 score, indicating high gene expression similarity, was strongly associated with failed engraftment after s.c. transplantation into immune-deficient mice (5 out of 6), whereas successful PDX model establishment (15 out of 18) was based on tumors with a low S3 score.

Morphology and histopathology between primary human and respective PDX tumors were well conserved throughout consecutive in vivo passaging in mice, and similar patterns of proliferation (Ki-67), vascularization (CD31), and renal cell marker expression (Pax2 and Pax8) were detected over several PDX passages (Figures 1A, C). Each PDX model exhibits its own unique growth characteristic and the tumor growth in control mice during sensitivity testing was highly variable over a broad range, reflecting the heterogeneity of RCC samples in the PDX models (Figure 1B). This variability was already noticed during early RCC PDX passaging with large differences in engraftment time of primary tumors. As shown in Figure 1D, tumor growth is even highly variable within one xenograft model, illustrating high intra-tumoral differences in the molecular phenotype. We further observe an increase in tumor growth with increasing in vivo passage numbers, which might be caused by stepwise selection of more adaptive tumor clones to the altered tumor microenvironment in the immune-deficient mice and the potential loss of suppressive human immune cells in the xenograft.


Mutational Landscape of Primary Patient Tumors/Metastasis and Renal Cell Carcinoma PDXs

Mutational analysis was performed using RNA sequencing data from 28 RCC PDX models and compared to somatic mutation data from panel sequencing for a subset of primary human tumors from the Tübingen cohort (Figure 2A, right panel). In the analysis, we focused on 31 key genes that are frequently mutated in RCC (37, 41). Somatic mutations were found in 18 different genes and in 23 PDX models from which 15 PDX models cover more than one gene aberration. The mutations of NF2 and VHL are present in both the PDX model and the corresponding primary tumor in the Tübingen cohort (Figure 2A right, crossed squares). When only considering these two mutated genes, the rate of conserved mutations between patient tumor and PDX tissue was very high, resulting in 100% for NF2 and 100% for VHL, respectively. Interestingly, the NF2 mutation was present in 6 out of 8 PDX models of one patient. Additionally, we used our data to visualize the relative transcript expression of mutated genes in our panel (Figure 2B). Hereby, similarities and common features of individual models can be visualized, which enables target specific selection of RCC PDX models for preclinical applications.




Figure 2 | Somatic mutation analysis in RCC PDX models and expression of mutated genes. (A) Using RNA sequencing data, 31 genes that are frequently mutated in RCC were analyzed for somatic mutations. The matrix includes those variants in 18 genes either not included in gnomAD 3.1 or had allele frequencies below 0.0001. The panels separate the models by the tissue source site of their primary tumors and metastases (left: Magdeburg, right: Tübingen). For the Tübingen cases, mutation data from NGS panel sequencing of the primary tumors were also available (except for those marked with *). Overlapping mutations detected in both the primary tumor and the PDX model are highlighted by a cross. $: Variants with low coverage in the primary tumors. #: No somatic mutation found. (B) Gene expression of the 18 mutated candidate genes described in (A).





Gene Expression

We next aimed to analyze gene expression profiles that could help to distinguish specific RCC subtypes and allow for uncovering of molecular features in individual RCC PDX models corresponding to properties of the human tumor. Principal component analysis (PCA) utilizing overall gene expression of RCC PDX tumors separates the pre-determined disease subtypes indicating considerable expression differences between clear cell (middle), urothelial (top: Ren11201, Ren12449, and Ren12147) and papillary RCC (bottom right: Ren11175B-K) (Figure 3A). As expected, multi-tumor PDX models from one and the same patient show very similar overall gene expression as visualized by close proximity in the PCA (Ren11175B-K and Ren11122D-F). Although diagnosed as ccRCC, the transcriptome of Ren11122D-F (bottom left) differs significantly from the other ccRCC PDX models and a deeper analysis could clarify the molecular background of these models. In summary, the PCA plot of this RCC PDX subset reflects the observed clinical heterogeneity in ccRCC disease.




Figure 3 | Analysis of gene expression by RNA sequencing of PDX tumor tissue. (A) Representation of global gene expression in 28 molecularly characterized RCC PDX models by principal component analysis. The spatial distribution of samples reflects similarity of transcriptomes and correlates with clinical categorization of patient tumor tissue. Colors indicate individual donor patients. Similarity of RCC PDX models in gene set enrichment regarding cancer hallmarks (B), the 66-gene signature distinguishing angiogenic or T-effector type (C), and reactome pathways associated with VEGF and EPO function (D) are visualized by heat map and hierarchical clustering. (E) Relative expression of immune checkpoint ligands in the individual PDX tumors, visualized by heat map and hierarchical clustering.



Gene expression data of RCC PDX tumors were subjected to ssGSEA to determine similarities or differences in the enrichment of cancer- as well as pathway-specific gene sets. Scoring and hierarchical clustering of cancer hallmarks clearly differentiated the urothelial RCC models Ren11201, Ren12449, and Ren12147 from other RCC subtypes (Figure 3B). These three models were characterized by lower enrichment scores, especially in immune-signaling response pathways, epithelial–mesenchymal transition, KRAS and hedgehog signaling, as well as hypoxia and angiogenesis (Figure 3B). The regulation not only of angiogenesis but also of the local immune system greatly impacts RCC development and response to treatment, and the corresponding expression signatures can be used to identify high-risk patients (34). According to the recently published 66-gene signature, the determination of the angiogenic or T-effector type of RCC tumors identifies distinct groups in our PDX cohort (Figure 3C). The papillary RCC models show high scores for the angiogenic and the T-effector type, whereas the other models were moderately enriched for only one type. We focused further on the molecular pathways associated with VEGF and erythropoietin signaling and analyzed the models according to their scoring of selected reactome pathways. Again, we observe differential enrichment patterns, clearly separating urothelial RCC and papillary PDX models (mainly low and high enrichment scores, respectively) from the ccRCC models (Figure 3D).

Most recent achievements and success with immune checkpoint inhibition in the treatment of RCC (11, 12) result in new challenging requirements for preclinical oncology. Development of humanized RCC PDX models will be a prerequisite for testing of ICIs in mouse models. Gene expression of novel targets for tumor-immune cell crosstalk was analyzed based on a recent review of novel candidates for checkpoint blockade (42). In particular, RCC PDX models demonstrating high transcript expression of immune checkpoint ligands, e.g., as seen for Ren11175K and PD-L1 or Ren11122E for FLG1 and TNFRSF14, might be considered for future establishment of humanized RCC PDX models and response evaluation to current and/or future ICIs (Figure 3E).

Finally, we aimed to further characterize the molecular landscape of our RCC PDX panel investigating potential CNV. Prediction of CNVs from RNAseq data indicated copy number gains and losses for chromosome arms per PDX model (Supplemental Table S2). In our panel, the highest number of CNV losses was determined for chromosome 9, with 8 models showing a loss of both chromosome arms, followed by chromosome 13q. High number gains were determined for chromosomes 11, 16, and 19. Loss of chromosomes 3p, 14q, but not 22q, and gains for chromosomes 5q, 7, 16, and 17 were previously published as specific CNV pattern for RCC subtypes (43). Although they derive from the same respective patient, we noticed higher heterogeneity of CNV regions in the papillary RCC models (Ren11175B-K) compared to multi-donor PDX models Ren11122D-E. This was not expected by overall gene expression or gene set enrichment analysis (Figure 3).



Drug Sensitivity Studies

Since various targeted agents for inhibition of the VEGF axis and the PI3K-mTOR signaling pathway were approved for the systemic treatment of RCC, we tested the response of the anti-angiogenic drugs bevacizumab, sunitinib, and sorafenib and the mTOR inhibitor everolimus in our established RCC PDX cohort. Mice were treated for three to five cycles depending on their actual tumor growth in the respective control group. In general, therapeutic treatment of the RCC PDX models revealed a good safety profile and was well tolerated. Minor and reversible BW reduction lower than 10% was noticed in individual animals, but not related to compound-specific toxicity.

The response to each SoC treatment was heterogeneous throughout our RCC PDX panel, reflecting the heterogenic clinical response observed in patients. In brief, sunitinib was the most effective drug in reducing tumor growth, followed by bevacizumab and everolimus. Interestingly, the majority of RCC PDX models from our panel were resistant towards treatment with sorafenib.

The ratio of mean TV of treated animals to mean TV of control animals (T/C mean) is illustrated for the four drugs in twenty-two PDX models of the RCC cohort as a waterfall plot for each experiment at the final study day (Figure 4A). As the use of clinical RECIST criteria for solid tumors is not optimal for the characterization of preclinical tumor response in mice, we implemented our previously published adapted response criteria, delineating strong (T/C <10%), moderate (T/C <25%), and minor response (T/C <50%) from resistance (T/C >50%) (44). For better visualization of responding PDX models, we shifted the baseline to 25%. In the tested cohort of 22 RCC PDX models, sunitinib achieved the best overall response rate of 77% of the models with minor to moderate response. A lower response rate was observed for bevacizumab (64%) and everolimus (45%). The least effective response in our panel was seen for sorafenib with only 36%. Applying the adapted RTV response criteria in the test cohort of 22 PDX models (Figure 4B, left), sunitinib and bevacizumab achieved a minor to strong response in 91% and 95% of the cases. The RTV-based efficacy of everolimus and sorafenib was 82% and 68%, respectively.




Figure 4 | Response characterization of renal cancer PDX models upon treatment with targeted therapies blocking angiogenic and proliferative pathways. (A) Mean tumor volume of treated mice compared to the mean tumor volume of control (T/C mean) from 22 PDX sensitivity studies (n = 3–5 individual animals per group) were illustrated in waterfall plots. Bevacizumab and sorafenib were not tested in Ren9693. Response was categorized as T/C: >50% = resistance/progressive disease (PD), <50% >30% = minor response/stable disease (SD), <30% >10% = moderate response/partial response (PR), and <10% = strong response/complete remission (CR) with zero line equal to T/C = 25%. In the 22 analyzed PDX models, treatment response was best for sunitinib, followed by bevacizumab and everolimus. Lowest response rate was observed for sorafenib. (B) Individual PDX models exhibit distinct response pattern against selected compounds. Adapted response criteria utilizing RTV (left) opposed to clinical RECIST response classification (right). Adapted RTV response classification mirrors T/C drug response well, whereas clinical RECIST classification yields dramatic lower responses. (C) Different response patterns were observed for individual RCC PDX models during drug testing, illustrating RCC heterogeneity and differences of intra-tumoral regions.



Although RTV evaluation determines increased response for all compounds compared to T/C analysis, the correlation of both results indicates high validity and reproducibility of drug testing in this platform. In contrast, using clinical RECIST criteria for solid tumors would dramatically confound our present findings, resulting in dramatically lower overall response rates in the RCC PDX cohort. Using a RECIST categorization for the drug response in vivo, sunitinib achieved stable disease or partial response in 36% of the cases, and a similar efficacy was noticed for bevacizumab with 32%, considering these PDX models as a responder in our setting. In contrast, almost no response was determined for everolimus and sorafenib (only 9% and 0% stable disease, respectively) (Figure 4B, right).

The identified individual anti-tumoral response against VEGF RTKI treatments in our RCC PDX panel mirrors the heterogeneity of individual patient tumor characteristics well. Furthermore, our experiments enable the identification of preclinical drug resistance and allow us to distinguish between responsive (“responder”) from resistant (“non-responder”) RCC PDX models. On the one hand, Ren12296 is resistant towards sorafenib, everolimus, and bevacizumab, whereas disease stabilization was observed for sunitinib (Figure 4C, lower graph). On the other hand, early disease stabilization was found in Ren11244 for all compounds. However, here, the initial response might convert into disease progression or even development of resistance after several weeks of treatment for single compounds (Figure 4C, upper graph). As illustrated for the representative drug response testing graphs (Figure 4C), data for all tested RCC PDX models are available in the Supplemental Material (Supplementary Figure S1).




Discussion

Clinical approval of targeted therapies resulted in considerable progress for RCC patients requiring systemic treatment. Most recent achievements, by targeting the immune system with ICIs in particular, further extend the portfolio of therapeutic options and significantly improve the progression-free survival of RCC patients. Nevertheless, obstacles remain, considering limited treatment response through molecularly undetermined resistance mechanisms, lack of reliable predictive biomarkers, and frequent clinical complications, leading to treatment-induced drug resistance of local tumors. Even worse, treatment of advanced RCC or refractory tumors with advanced targeted therapies can lead to metastatic progression, representing a major clinical challenge.

For this reason, preclinical research is mandatory to evaluate alternative therapeutic options for subsequent clinical translation. PDX models are considered the gold standard in preclinical oncology, and the use of humanized mouse models would even enable evaluation of immunotherapies. With the current study, we successfully established a molecularly characterized RCC PDX panel as a drug testing platform for this disease. In contrast to previously published RCC PDX cohorts (40), our panel consists of a larger number of models, predominantly from untreated primary tumors and metastases of distinct localizations, and enables the evaluation of ITH on treatment response by multi-regional RCC PDX models. To the best of our knowledge, this was only reported once very recently for RCC PDX models (45) and is a special feature of our RCC PDX panel. As ITH was recently reported to help predict the patient response against PD-1 blockade, and metabolic differences in distinct tumor areas may account for heterogeneity in drug sensitivity, this aspect will gain importance in future anti-cancer therapy (46, 47).

Our newly established PDX panel consisted of forty-six RCC models predominantly derived from untreated primary RCC tumor tissue. The overall take rate of RCC tumors in our cohort was 21%, presumably affected by the treatment status of the donor patient, such as adjuvant or neo-adjuvant therapy. Unfortunately, clinical information on treatment of donor patients was rare. However, no PDX model could be established from the twenty-one patients with disclosed neoadjuvant treatment history (10% sunitinib, 90% everolimus). Nevertheless, our methodology with s.c. tumor fragment transplantation was superior in terms of take rate compared to orthotopic RCC patient-derived tumor graft models (45). A very similar effect of reduced take rates was reported during the establishment of PDX models from breast cancer patients after neoadjuvant therapy (48, 49). In contrast, a higher take rate was achieved for more aggressive triple-negative breast cancer, which goes in line with the observed take rate >80% in more aggressive grade 3 and 4 RCC models in our cohort.

The mean tumor doubling time (TDT) was determined to be larger than 15 days for almost all RCC PDX models. Compared to RCC cell line-derived xenograft (CDX) models, PDX tumors grow significantly slower. Although not specifically reported for ccRCC, a possible bias induced by elevated genetic drift in highly proliferative cell line xenografts compared to PDX models is relatively low and an advantage in the PDX setting (50). Not surprisingly, we observed a wide range of individual growth characteristics similar to what is being observed in patients. In consequence, an appropriate preclinical RCC study design requires greater cohort sizes in PDX models with variable tumor growth rates in order to address this heterogeneity.

For cases with available panel sequencing of primary tumor tissue, the concordance with sequence variations in PDX tumors identified by RNAseq ranged between 75% (ARID1A) and 100% (VHL). Hence, we demonstrate validity of our PDX panel and established a valuable tool reflecting the clinical RCC mutational landscape. However, the technological differences between panel DNA sequencing and RNA sequencing of the human tumor and the PDX tumor tissue, respectively, might prohibit detection of a greater number of matching mutations in the corresponding tissue samples. Different sequencing depths, variations detected in gene regions not covered by the exome panel, and the fact that not all genes with mutations were expressed may contribute to this low concordance. Certainly, specific sequence variations may be detected in PDX tumors due to subclone selection or occur during the course of PDX passages and might not be present in the initial tumor tissue.

Molecular profiling of the RCC PDX cohort comparably verifies high similarity of multi-donor regions and distinguishes between predetermined RCC subgroups, such as urothelial or papillary vs. clear cell renal cancer. As anticipated, no or only weak correlation between the different RCC PDX models were detected utilizing a hierarchical clustering approach for cancer hallmarks or pathway-specific ssGSEA. Nevertheless, descriptive heatmaps for molecular pathways, including angiogenesis and PI3K-AKT-mTOR signaling, known to be involved in RCC, were mandatory for designing specific biomarker or drug testing studies with novel drug candidates. We exploited most recent approaches for deep molecular characterization in RCC for our cohort and identified features for angiogenic, T-effector, and checkpoint target expression (34, 42), any or all of which might be helpful for future preclinical applications of our PDX models. In particular, biomarker expression of novel immune checkpoint targets will show great promise for PDX model selection in terms of development of humanized mouse models for RCC, but will require validation in further primary RCC tumors. This specific option, so far not available with our actual RCC cohort, would add valuable progress for preclinical testing of ICIs for metastatic and refractory RCC.

Recent results point towards a decisive role of CNVs for development, pathogenesis, and progression of RCC (51, 52). We used our RNAseq-based gene expression and mutation data to predict CNVs in the generated PDX models. Unfortunately, no reliable public RCC reference data for CNV analysis was available. A predicted copy number loss on chromosome 9 observed for distinct PDX models (Supplemental Table S2, blue) might be related to alterations of CDKN2A or ADOLB gene expression, which were known to be of clinical relevance in metastatic ccRCC (53). The correlation of predicted CNVs with mutational data and/or functional outcome of the detected region might enable the identification of relevant RCC biomarkers.

Our second main aim in this study was to collect valuable drug testing data for targeted therapies with strong clinical implication for RCC. The optimal classification strategy of treatment response in preclinical oncology is often under debate, but an appropriate study design allows for direct comparison between individual studies independent of the used read-out parameter (54). We choose to report tumor response by the use of recently published adapted response criteria (T/C and RTV) on the final study day for each PDX drug test experiment. Not surprisingly, the in vivo tumor response observed with the tested targeted therapies was similar for both read-out parameters.

Sunitinib was superior to other VEGF axis targeting drugs bevacizumab and sorafenib and also to monotherapy with everolimus. Admittedly, in some cases, the applied concentration of selected drugs differs from clinically used dosage. This criterion is a frequent limitation in preclinical studies due to biological differences between the species including plasma binding affinity, IC50, and drug metabolism. However, the dosage used in our study was thoroughly selected, balancing efficacy and tolerability in vivo and particularly in the used mouse strains. Furthermore, direct comparison with other preclinical studies has guidance character only, since the drug response mainly relies on the molecular phenotype of the tested PDX model (55, 56). However, ideally, the PDX model drug response should match the corresponding response in donor patients. Unfortunately, several of our PDX models were established from primary and untreated tumor biopsies, and data on follow-up were limited. It is worth mentioning that, after biopsy retrieval, a female patient (Ren12723) was treated with sunitinib and responded well towards this treatment, which was also observed in vivo for the corresponding PDX model. The resistant PDX Ren11619A did not respond to any of the tested drugs, and a similar renal cancer progressed without any appreciable therapy effect of pazopanib and sunitinib on the donor patient. Moreover, and in line with data from our PDX models, patients Ren11145 and Ren11324 showed clinical disease progression after treatment with sunitinib and sorafenib, followed by everolimus and sunitinib, respectively. Therefore, the correlation of VEGF RTKI response in RCC PDX models and patient-specific clinical response can be reported for these four cases providing evidence for general translation of prognostic PDX response data (57).

Finally, the combination of deep molecular sequencing PDX information with a classification of responder vs. non-responder would enable further analysis for the identification of a compound-specific mode of action. Therefore, our dataset possesses a unique predictive power for the translation of preclinical results into clinical options to overcome resistance in RCC.

In order to further expand our preclinical pipeline, we aim to use our RCC PDX panel for the development of a 3D-organoid patient-derived platform facilitating ex vivo drug testing assays. Compared to already existing single in vitro approaches (58, 59), our combined tool and biostatistics will enable us to increase the predictive power of our patient-derived dataset for the improvement of personalized cancer treatments. In particular, more extensive combination of PDX and in vitro testing of non-responsive xenograft tumors might yield novel therapeutic opportunities for RCC patient tumors with comparable molecular characteristics, at least for specific compound classes. Unfortunately, this will most likely not be feasible for the current class of VEGFR inhibitors since their anti-tumoral effect is mainly driven through the antiangiogenic properties of these compounds, as seen for regorafenib, and effective in vitro models addressing the underlying mode of action are still lacking (60).

In theory, the use of personalized PDX models will guide oncologists in selecting the best possible treatment option for the corresponding donor patient. In practice, the time span needed to generate and treat the respective model hinders a fast return of individual response prediction for the patient. Nevertheless, large panels of PDX models will reflect the heterogeneity of molecular and pathologic features of the disease and are of great value for the identification and experimental validation of predictive biomarkers and of novel treatment options, such as drug combinations and disease-specific target therapies.
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ID# Age Gender TNM Grading Histology Tumor biopsy
9693 n/a Male n/a n/a Clear cell RCC Primary
10473 74 Female pT4 pNO M1 G3 Clear cell RCC Primary
10479 72 Male pT3a pNO MO G3 Clear cell RCC Primary
10768 63 Male pT3apN2 M1 G3 Clear cell RCC Primary
10830 7 Female pT1apNO MO n/a Clear cell RCC Primary
11122D 45 Female pT2a pNO M1 G3 Clear cell RCC Primary —region 4
11122E Primary —region 5
11122F Primary—region 6
11145C 52 Male pT3a Nx M1 G3-4 Clear cell RCC Primary —region 3
11145D Primary —region 4
11175B 60 Male pT3b pN2 M1 G3 Papillary RCC* Primary —region 3
11175C Primary —region 4
11175D Primary —region 5
11175F LN** metastasis —region 7
11175H LN** metastasis —region 9
111751 LN** metastasis —region 10
11175 LN** metastasis —region 11
11175K LN** metastasis —region 12
11201 86 Female pT3a pN1 L1 G3 Urothelial carcinoma Primary
11244 69 Female pT3a NX M1 G2 Clear cell RCC Primary
11253 7 Male pT2a pNO MO G2 Clear cell RCC peritoneal metastasis
11254 61 Female pT3a pN2 L1 G3 Clear cell RCC Primary
11324D 75 Female pT3a Nx MO G3 Clear cell RCC Primary —region 4
11325H 64 Female pT4 Nx MO G3 Clear cell RCC Primary —region 8
11535 83 Male n/a n/a Clear cell RCC Primary
11619A 55 Male pT3a NX L1 G3 Clear cell RCC Primary —region 1
11619B Primary —region 2
11644 63 Male pT1b pNX cM1 G2 Clear cell RCC Bone metastasis
11670 83 Female pT2a pNO M1 G2 Clear cell RCC Bone metastasis
11845 83 Female pT2a RO LO VO G2 Clear cell RCC Primary
11965 63 Male n/a n/a Clear cell RCC n/a
12147 78 Male pT4 pN1 M1 G3 Urothelial carcinoma Primary
12296 50 Male pT3a, RO, LO, V2, PnO G4 Clear cell RCC Primary
12449 37 Male pT3b pN2 M1 G3 Urothelial carcinoma Spine metastasis
12522 64 Female pT1b RO LO VO PnO G4 Clear cell RCC Primary
12723 68 Female pT3a (m), pNO (0/2) G3 Clear cell RCC Primary

pM1, RO, L, VO, PnO
12739 85 Male pTia LO VO RO G1 Clear cell RCC Primary
12813 46 Female pT3a L1 V1RO G4 Clear cell RCC Primary
12837 n/a Male n/a n/a Clear cell RCC n/a
13311 74 Male pT3b, pM1 (OTH), V2, L1, RO G3 Clear cell RCC Primary
13461 58 Male pT4 pM1 (OTH) V2 L1 R1 n/a Sarcomatoid RCC Primary
13581 76 Female pT1b VO LO RO G4 Chromophobe RCC Primary
13622 74 Female pT3a pN1 (2/2) V2 RO G3 Clear cell RCC Primary
14026 n/a n/a n/a n/a Clear cell RCC Lung metastasis
14444 57 Male pT3al0 V2 G3 R1 G3 Clear cell RCC Primary
16378 47 Female pT3a, pM1(ADR) LO V2 PnO R1 G4 Clear cell RCC Primary

* with in part clear cell renal cell carcinoma features.

** lymph node.

n/a stands for "not available".
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