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Abstract  

Pediatric patients with high-risk extra-cranial solid tumors face a 5-year survival rate below 50%. 

As molecular profiling alone is insufficient to guide treatment at relapse, complementary 

strategies like drug screening are urgently needed. We evaluated short-term drug screening as a 

rapid, reliable method to assess drug sensitivities in pediatric solid tumors using ex vivo cultures 

from previously established patient-derived xenograft (PDX) models. Ex vivo drug screening was 

performed within 14 days of receipt across two institutes, testing 77-224 compounds depending 

on cell availability. Drug responses were consistent across institutes (n=6), and effective 

compounds were reproducibly identified in a replicate model. Tumor type-specific responses 

were observed. In neuroblastoma, ALK-mutation status did not correlate with ALK-inhibitor 

response, whereas correlations with transcriptomic changes were observed. Timepoint-specific 
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drug sensitivities were observed in serial Ewing sarcoma models. Overall, drug hits were 

identified in 94% of screens (n=63), broadening treatment options for 88% of cases without 

targetable alterations (n=11). In case of a targetable event, drug screening refined compound 

choice. Ex vivo drug screening is a fast and feasible method, providing insights into compound 

efficacy and enabling quick identification of functional treatment suggestions. Ex vivo drug 

screening should be integrated into a future next-generation diagnostic platform for pediatric 

solid tumors, combined with genomics and transcriptomics.   
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Introduction 

Although pediatric tumors are uncommon, they are the leading cause of disease-related death 

in children.1 High-risk extracranial pediatric solid tumors have a poor prognosis despite intensive 

multimodal treatment approaches.2 For survivors, treatment often results in severe long-term 

side-effects.3 Heterogeneity in clinical response, even within cancer types, highlights the urgent 

need for more effective, patient-specific therapeutic approaches, based on response prediction. 

Currently, upon relapse or progression, pediatric precision oncology trials rely on identifying 

genetic biomarkers to guide clinical decisions.4–9 However, molecular characterization alone has 

limitations. Actionable driver genes cannot be identified in all patients, and even when they are, 

responses to matched therapies are often limited.6,7,10–12 This is partly because actionable genetic 

alterations do not fully capture the biological complexity of pediatric tumors.13 Therefore, 

additional strategies beyond genomics are needed to guide treatment decisions.  

Functional precision medicine, such as drug screening on patient-derived material, offers 

a promising approach to improve response prediction.13,14 In vivo patient-derived xenograft (PDX) 

and in vitro patient-derived organoid models have proven effective to identify potential 

treatments.10,14–17 However, establishment of these models requires extended time frames that 

often exceed progression-free survival of patients,6 a limitation we also observed in our study on 

high-throughput screening in neuroblastoma patient-derived organoids.18 Screening within a 

clinically relevant time frame would improve applicability. In addition, using in vivo PDX models 

limits the number of drugs that can be tested. Ex vivo drug sensitivity screening, where fresh 

tumor material is directly used or only shortly expanded in vitro before compound screening, 

presents such a faster alternative. Recent studies, including those from INFORM and ZERO 
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programs, have demonstrated the potential of ex vivo drug sensitivity profiling within shorter 

time frames, ranging from seven days to four months.12,19,20  

We evaluated the feasibility of integrating rapid ex vivo drug sensitivity screening with 

molecular profiling, using ex vivo cultures from PDX-expanded pediatric tumors as tumor models. 

These models recapitulate molecular and phenotypic profiles of the patient tumor 16,21,22 and 

provide sufficient biomaterial for analysis. We demonstrate ex vivo drug screening using ex vivo 

cultures from PDX models as a feasible and reproducible method in a wide variety of pediatric 

tumors. Importantly, ex vivo drug sensitivity profiling of previously established PDX models can 

be completed within 14 days, aligning with the time frame of molecular profiling. Our findings 

confirmed known associations between genomic alterations and drug sensitivity, and we 

identified correlations between drug response and genomics, transcriptomics, and tumor growth 

rates. Ex vivo drug screening complements molecular profiling by broadening treatment options 

when no targetable genetic alterations are identified and refining drug selection when one or 

several actionable targets are present. These results support the future integration of ex vivo 

drug sensitivity profiling alongside genomics and transcriptomics within a combined diagnostic 

platform, aiming to improve clinical decision-making for high-risk pediatric solid tumors.  

Results  

Ex vivo drug sensitivity profiling is fast, feasible and reproducible in determining drug 

sensitivity profiles for a broad range of solid tumors  

To perform this feasibility study of ex vivo drug screening in a clinically relevant timeframe, 

Institut Curie (Curie) in France and the Princess Máxima Center (Máxima) in the Netherlands used 

previously established pediatric PDXs as the pediatric tumor models. Using a comparable sample 
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processing and drug screening protocol at both institutes, we were able to determine drug 

sensitivity profiles within 14 days of PDX sample collection (Fig. 1A). We successfully performed 

69 drug screens (37 in Máxima, 32 in Curie) on ex vivo cultures from PDX models. Screening was 

technically successful in 82% of cases (69/84 screens), with failures due to low viable cell yield or 

microbial contamination (Fig. 1B). The cohort of successful screens represent nine tumor types, 

including neuroblastoma (n = 26), Ewing sarcoma (n = 17), rhabdoid tumors (atypical 

teratoid/rhabdoid tumors and extra cerebral rhabdoid tumor samples; n = 11), 

rhabdomyosarcoma (n = 5), osteosarcoma (n = 4), hepatoblastoma (n = 2), malignant peripheral 

nerve sheath tumor (MPNST, n = 2) and synovial sarcoma (n = 2; Fig. 1C; Suppl. Fig. 1A showing 

center-specific cohorts). Ex vivo cultures were derived from PDX established from high-risk 

cancer patients with diverse clinical backgrounds, including untreated (at diagnosis), relapsed 

and progression under treatment samples. The PDX samples consisted mostly of human cells, as 

determined for PDX or ex vivo expanded samples (Suppl. Fig. 1B-C), except for a single screen 

(NB0537), which was therefore left out of analyses comparing drug response to genetic 

aberrations and gene expression. 

At both institutes, drug screening was performed with libraries that include cytotoxic, 

cytostatic and targeted compounds (Suppl. Fig. 1D), that are either clinically approved or in (pre-

)clinical evaluation to treat (pediatric) cancers (Suppl. Tab. 1-2). Depending on available PDX 

material, tumor cells were exposed to libraries consisting of 77 to 224 compounds, with at least 

61 compounds shared across the two institutes (Fig. 1D). Drug concentrations ranged from 1e-6 

to 1e3 µM, depending on the institute and the expected drug sensitivity (Suppl. Fig. 2A).  

Normalized area under the curves (AUCnorm) are used to compare drug sensitivities within a single 
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institute, including compounds that did not reach IC50s at the tested concentrations. However, 

when comparing the two different cohorts IC50 is used as AUCnorm values are not directly 

comparable due to distinct dose ranges (Suppl. Fig. 2A-B). 

To assess the reproducibility of our protocol, we screened two ex vivo cultures from PDX 

models derived from the same patient at the Máxima institute. The sensitivity profiles of the two 

PDX screens showed a strong correlation (r = 0.95; Fig. 1E). Then, to test robustness of our 

method, we screened six ex vivo cultures from PDX models at both institutes. We observed 

consistent trends in drug response (r = 0.50-0.85; Fig. 1F), despite differences in PDX passage, 

tissue expansion time, cell seeding density, and timing of compound addition. At the Máxima, 

samples are cultured for seven days before drug sensitivity screening, while at Curie compound 

screening was immediately performed upon receipt. Overall, these findings demonstrate that 

despite PDX passage and protocol differences, consistent drug sensitivity profiles can be reliably 

determined. 

To correlate the drug sensitivities with the molecular profiles and to compare ex vivo drug 

sensitivity profiling to standard molecular profiling, the PDX models were molecularly profiled 

using whole-exome sequencing, methylation profiling, and RNA sequencing. Targetable genetic 

alterations were manually curated (Fig. 1G). Across all tumors, the most common genetic 

alterations were pathogenic homozygous TP53-inactivation (15/69 cases), MYCN amplifications 

(19/69), EWS translocations (15/69) and ALK mutations (7/69). PDX models faithfully retained 

key genetic aberrations of patient tumors, as determined for samples of which original patient 

tumor profiling was available (Suppl. Fig 2C). This finding validates that our PDX models 

accurately reflect the genetic landscape of patient tumors. Overall, these results indicate that ex 
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vivo drug sensitivity profiling is feasible and reproducible for pediatric solid tumors, obtaining 

drug sensitivities within a clinically relevant timeframe in ex vivo cultures from previously 

established PDXs. 

 

Ex vivo short-term profiling to identify tumor-type specific drug sensitivities  

We next examined drug response patterns across tumor types by looking at the top fifteen most 

effective compounds, defined as those with the lowest median AUCnorm across all tumor types at 

each institute. We included the compounds tested in both institutes and find the same fifteen 

most effective compounds across both cohorts, supporting the consistency of drug screening 

trends across cohorts. These top performing compounds included the proteasome inhibitor 

bortezomib, chemotherapeutic actinomycin D, and BCL-2 inhibitor navitoclax (Fig 2A-B). To 

assess global patterns of drug sensitivity across tumor types, we performed principal component 

analysis (PCA) on the drug response profiles (AUCnorm; shown in Suppl. Fig. 3). PCA revealed partial 

clustering by tumor type (Fig. 2C), suggesting that while tumor type contributes to drug response, 

substantial inter-tumoral heterogeneity exists within types, likely reflecting underlying genetic 

diversity. 

We then assessed which compounds showed tumor-type specific efficacy, only including 

tumor types where n ≥ 4 samples were screened. Neuroblastoma samples were significantly 

more sensitive to the CDK4/6 inhibitor palbociclib and the MEK inhibitor cobimetinib in both 

cohorts (p < 0.02; Fig. 2D; Suppl. Fig. 4A) compared to other tumor types, altough rhabdoid 

tumors showed a similar but non-significant trend. Ewing sarcomas were significantly more 

sensitive to PARP inhibitors in both cohorts (p < 0.002; Fig. 2E), PARP inhibitor talazoparib was 
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particularly effective in Ewing sarcomas at Curie (p = 5.08E-05; Suppl. Fig. 4B). At Máxima, BRAF 

inhibitor vemurafenib was additionally found to be significantly effective (p = 0.002; Suppl. Fig. 

4B). Rhabdoid tumors, tested at Curie, were significantly more sensitive to tyrosine kinase 

inhibitors ponatinib and axitinib (p < 0.002; Suppl. Fig. 5). Osteosarcoma, a tumor type that is 

difficult to model ex vivo and in urgent need of new treatment options,23 was broadly resistant 

to most compounds compared to other tumor types (Suppl. Fig. 6), including for instance 

talazoparib (Suppl. Fig. 4B). For rhabdomyosarcoma, no compounds or drug classes showed 

significant efficacy compared to other tumor types (Suppl. Fig. 6-7). However, low sample sizes 

for osteosarcoma and rhabdomyosarcoma (n = 4) limit robust conclusions. Taken together, these 

results provide initial data on compounds with broad efficacy and tumor type-specific drug 

response trends. 

 

Genetic aberrations alone poorly associate with ex vivo drug response 

To assess the predictive value of molecular profiling, we first confirmed the known association of 

resistance to MDM2-inhibitor idasanutlin and XPO1-inhibitor selinexor upon homozygous TP53-

inactivating mutations.24–27 Samples with homozygous TP53-inactivation were significantly more 

resistant to the MDM2 inhibitor idasanutlin (p < 0.002; Fig. 3A), and selinexor (p < 0.039; Suppl. 

Fig. 8A) compared to TP53 wild type or heterozygous TP53-inactivated samples.  

We then explored whether targetable genetic alterations predicted drug sensitivity across 

tumor types, focusing on compounds targeting these alterations (Suppl. Tab. 3). Beyond TP53, 

only 3 out of 22 (Máxima) and 1 out of 15 (Curie) showed any significant association with 

response to their matched compound (Fig. 3B; Suppl. Fig. 8B). None of these associations were 
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shared across cohorts. In Máxima, significant associations involved MYCN amplifications and ALK 

alterations, which are neuroblastoma specific. None of the associations observed across the pan-

cancer cohort remained significant when this analysis was restricted to neuroblastoma, 

suggesting the correlations were confounded by tumor-type rather than the genetic alteration 

themselves (Suppl. Fig. 8C). All in all, these findings suggest that genetic aberrations alone are 

not sufficient to predict ex vivo drug response.  

 

Ex vivo growth rate of tumor samples as a quality control metric 

For the screens performed in the Máxima cohort, growth rate was determined by comparing cell 

viability at t = 0h and t = 72h in untreated controls, to assess screen quality and evaluate its 

impact on drug sensitivity. Growth rates of the included screens ranged from 60% to 479% (mean 

= 179%; Suppl. Fig. 8D), with values below 100% indicating spontaneous cell death and those 

above 100% representing proliferation. Screens with a growth rate <60% (n= 2) were excluded at 

an earlier stage and marked as failed (Fig. 1C). All four osteosarcoma screens, a tumor type that 

is generally hard to culture ex vivo 23, had growth rates above 100% (mean = 177%). For the full 

cohort, sensitivity to 24 compounds correlated significantly with growth rate (Suppl. Fig. 9A), 

particularly cytotoxic and cell cycle-targeting agents such as CHK1 inhibitor prexasertib, the 

tubulin inhibitor docetaxel (Fig. 3D), gemcitabine and topoisomerase inhibitor camptothecin. 

These associations confirm their known mechanism of action and validate growth rate as a 

relevant quality control parameter in ex vivo drug screens. 

 

Serial ex vivo models illustrate tumor progression and shifting therapeutic windows  
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To explore whether drug sensitivity may change during tumor progression, and to explore the 

potential added value of screening drug sensitivities at multiple timepoints, we analyzed serial 

models from two Ewing sarcoma patients screened in the Máxima. While overall similarity was 

observed between primary tumor (treatment-naive) and progression under treatment samples, 

(ES0482: r = 0.78; ES0619: r = 0.72; Fig 3E), distinct timepoint-specific sensitivities were found. 

For ES0482, the sample obtained at progression resembled the primary sample genetically (Fig. 

1G), yet was generally slightly more sensitive. Higher sensitivity of topoisomerase and tubulin 

inhibitors in the sample from progression (Fig. 3E), could be explained by the higher growth rate 

(primary: 172%; progressed: 314%) (Suppl. Fig. 9A). The progressed sample of ES0619 acquired a 

homozygous TP53 inactivating mutation and was resistant to idasanutlin (IC50 = 0.8 µM in 

primary versus not reached in progression; Fig. 3E, Suppl. Fig 9C). Here, the primary sample 

generally showed slightly greater sensitivity. Although limited to two cases, these findings 

illustrate how tumor evolution – both genetic and phenotypic – could impact drug response, 

therefore highlighting the importance of drug sensitivity screening in newly acquired samples, 

rather than relying on archived models.  

 

RNA expression correlates with ex vivo drug sensitivity of targeted compounds 

Since genetic alterations alone could not reliably predict drug response, we explored correlations 

between pre-treatment gene expression and drug response across tumor types. Higher BCL-2 

expression was associated with venetoclax sensitivity across both cohorts, consistent with 

previous reports (p < 0.012; Fig. 4A; Suppl. Fig. 10A).28 In addition, higher ALK expression 

correlated with sensitivity to the ALK inhibitors ceritinib and alectinib in the Máxima cohort (p = 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS 

 

0.002; p = 0.020, Fig. 4B, Suppl. Fig. 10C), though not in Curie, where lower concentrations were 

tested (Suppl. Fig. 2A-B, 10B-D). We did not find a significant correlation with ALK-expression and 

lorlatinib sensitivity (Máxima p=0.054; Curie p=0.39). 

Genomic ALK alterations did not reliably predict sensitivity to ALK inhibition in 

neuroblastoma. Given the therapeutic relevance of ALK inhibitors, we explored whether baseline 

gene expression and master regulator (MR) activities were associated with response to alectinib, 

crizotinib, and lorlatinib across the two cohorts. These analyses focused on neuroblastoma 

samples. Single-gene analyses identified at least one overlapping gene associated with response 

to ALK inhibition in both cohorts: 11 for crizotinib, one for lorlatinib and two for alectinib (Suppl. 

Fig. 10E, 11A). However, we did not find a gene that was significantly associated to sensitivity to 

all ALK inhibitors in both cohorts. We excluded ceritinib from these analyses due to inconsistent 

results from the AUCnorm-based linear model.  

Beyond individual genes, we examined pathway-level enrichments across both cohorts. 

Although both cohorts consist exclusively of neuroblastoma samples, the different culture 

conditions and experimental handling introduce substantial batch effects (Suppl. Fig. 11B). 

Pathway-level analyses help mitigate these technical differences by capturing coherent 

transcriptional programs that are more robust and reproducible than individual gene signals. 

Interferon alpha and gamma, and inflammatory responses were associated with response to 

crizotinib and lorlatinib in both cohorts (Fig 4C; Suppl. Fig. 11C). Conversely, pathways such as IL6 

JAK STAT3 signaling and TNF alfa signaling displayed drug- and cohort-specific enrichment 

patterns.    
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Next, given that MRs orchestrate coordinated gene expression programs, we used the 

VIPER method29 to explore if MR activity was associated to ALK inhibitor response in 

neuroblastoma. In each cohort, we identified MRs whose regulons were enriched within the 

AUCnorm-associated gene signatures for each compound. We found seven MRs (Fig. 4D) 

significantly associated with lorlatinib sensitivity in both the Máxima and Curie cohorts. Similarly, 

we identified 146 overlapping MRs for crizotinib (Supp. 12A) and 19 for alectinib (Supp. 12B) 

when comparing the two cohorts. Inferred activity of SMAD4 was associated with sensitivity to 

all three ALK inhibitors at Máxima, and a similar but non-significant pattern was observed in Curie 

(Suppl. Fig. 12C). These associations provide hypothesis-generating data on transcriptomic 

patterns that might be linked to ALK inhibitor response, which requires further validation.  

 

Ex vivo drug sensitivity profiling complements molecular profiling in identifying clinically 

relevant drug hits 

As molecular profiling alone does not identify enough drug candidates for all patients and has 

limited predictive power for treatment response,7,11–13 we investigated identifying patient-specific 

drug options using ex vivo drug sensitivity profiling. To increase therapeutic precision whilst 

minimizing toxicity of drugs, we defined top responders per compound as samples whose AUCnorm 

and the IC50 both fell within the top 20% most responsive quantile (Fig. 5A-B). In the Máxima 

cohort (n = 35, excluding replicates of NB0277), a maximum of seven top responders per 

compound could be identified, while in the Curie cohort (n = 32), this was six. Not all compounds 

produced top hits, either due to insufficient drug efficacy (i.e., the IC50 was not achieved) or 

discrepancies between AUCnorm and IC50. Across both cohorts, 94% of patients (63 out of 67) had 
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at least one top hit and we found on average eleven functional top hits per patient (14.9 in 

Máxima, 6.8 in Curie) (Fig. 5C; Suppl. Fig. 13A-B). More importantly, we identified drug hits for 

88% (11/13) of screens where no targetable alterations could be identified. For these samples, 

we identified eight PI3K /AKT and seven MAPK targeting compounds as top hits, which could be 

a potential pathway to further investigate. Furthermore, as a first-pass approximation of clinical 

achievability, we compared IC50 values with clinically achievable maximum doses (Cmax) for 134 

compounds.30 Among top hits with available Cmax values, 78% (391/501) had IC50s below Cmax, 

supporting the potential of functional top hits for clinical translation. 

To demonstrate how ex vivo drug sensitivity profiling complements molecular profiling by 

expanding treatment options and refining drug selection, we compared functional top hits with 

molecular tumor board (MTB) reports including treatment recommendations, available for seven 

patients (Suppl. Tab. 4). We find overlapping compound targets and pathways in the MTB 

recommendations and functional top hits two patients. For two others we find overlapping 

compound targets in the MTB recommendations and functional top hits. Ex vivo drug sensitivity 

profiling broadened treatment options for six patients by identifying compounds targeting 

alternative pathways beyond MTB recommendations. To illustrate its role in refining drug 

selection, we highlight patient NB0277, that was screened in both institutes. We compared ex 

vivo drug sensitivities for compounds recommended by the MTB with those identified through 

ex vivo drug sensitivity profiling (Fig. 5D; Fig. 12C-D). The MTB recommended ALK inhibitors based 

on ALK amplification, and mTOR inhibitors (everolimus, combined with topoisomerase inhibitor 

topotecan) due to MYCN amplification. Although ex vivo drug sensitivity profiling did not identify 

mTOR inhibitors as top hits, two ALK inhibitors (alectinib and lorlatinib) were identified as drug 
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top hits (Fig. 5D). Next to this, IC50 values of ceritinib were below Cmax in both institutes. 

Together, these results strengthen ALK inhibition as a promising therapeutic avenue. Ex vivo drug 

sensitivity further broadened treatment options by identifying additional drug classes, including 

BCL-2 inhibitors venetoclax and navitoclax, MEK inhibitors trametinib and pimasertib, and EGFR 

inhibitors afatinib and erlotinib in the Máxima (Fig. 5D; Suppl. Fig. 13C), and topoisomerase 

inhibitor mitoxantrone and cisplatin in Curie (Suppl. Fig. 13D). The differences between the 

institutes reflect the distinct cohort compositions, where different tumor types are included. 

These functional top hits highlight expanded therapeutic opportunities compared to genomic 

profiling alone. In this illustrative case, ALK inhibition remains the most promising strategy as it 

is suggested both based on the molecular and drug sensitivity profiles. Taken together, these 

findings demonstrate that ex vivo drug sensitivity profiling could be used to complement and 

extend suggestions for molecularly guided treatment choices and identify additional therapeutic 

options. 

Discussion 

Molecular profiling alone often fails to predict effective therapies in high-risk pediatric 

tumors.11,13 This has been confirmed in recent large-scale pediatric precision oncology programs 

including ITHER,7 INFORM,6 MAPPYACTS,4 and ZERO.8,10,12 These studies showed that only a small 

subset of patients with recurrent or high-risk tumors harbored high-evidence actionable 

mutations. Furthermore, a minority of patients with lower evidence level targets received 

matched therapies (in part because of absence of clinical trials) and overall derived relatively low 

clinical benefit of the suggested treatments. The need for improved prediction of drug response 

is particularly pressing in pediatric oncology, where in addition to the underlying cancer 
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complexity, the rarity and diversity of tumor types limits cohort sizes and hamper biomarker 

discovery. In this context, we conducted a proof-of-concept study to assess whether rapid ex vivo 

drug screening can complement genomic and transcriptomic profiling across pediatric solid 

tumors. We successfully tested drug sensitivity in 69 ex vivo cultures from previously established 

PDX samples and observed consistent trends in drug sensitivity across cohorts. Ex vivo responses 

were achieved within 14 days after receiving the PDX samples. Our results show that ex vivo drug 

sensitivity profiling can complement molecular profiling by providing drug hits for a majority of 

samples. These findings support the potential relevance of ex vivo drug sensitivity profiling 

alongside genomics and transcriptomics in an integrated diagnostic platform to facilitate clinical 

decision-making. Below, we evaluate the technical feasibility, success rate, clinical relevance of 

the screens, and the potential added value of ex vivo drug sensitivity profiling in a precision 

oncology setting. 

We successfully performed 69 drug screens (82% success rate), achieving ex vivo drug 

sensitivity profiles within 14 days, and observed consistent trends in drug sensitivity across 

institutes. All results presented in this study were derived from ex vivo cultures of previously 

established PDXs. The dissociated PDX samples provide comparable material to that of patient 

resections,31 but higher biomass than samples obtained directly from patient (fine needle) 

biopsies. This enabled us to test larger drug libraries and perform reproducibility screening. 

However, using PDX-expanded material comes with limitations. First, the high success rate is 

likely explained by a selection bias toward more aggressive tumors, as also reported in pediatric 

sarcomas.32 For comparison, the INFORM study, using fresh patient samples, reported sufficient 

viable tissue in 67% of cases, of which 78% passed internal quality control.19 Second, the 
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establishment and expansion of PDX models typically require several months,32–34 often 

exceeding the time to progression described in INFORM registry.6 However, once PDX-expanded 

tumors were received and cultured ex vivo, drug screens and data processing were completed 

within 14 days, which is aligned with the timeline of molecular profiling, and comparable with 

the ex vivo drug screening timeframe reported in INFORM.6,7,19 For clinical translation, we are 

conducting rapid screening of fresh patient samples, without an intervening PDX model, to 

achieve turn-around times compatible with clinical decision making. To improve success rates for 

these low-biomass samples, we recommend using round-bottom plates (requiring ~500 instead 

of 5,000-20,000 cells per well) and tumor-type guided compound prioritization. 

Despite differences in drug screening protocols at Máxima and Curie, we observed high 

correlation and consistent top-effective compounds across overlapping models. This 

demonstrates the robustness of ex vivo drug screening across institutes. Nevertheless, 

differences in drug response may reflect protocol variations between Máxima and Curie: ex vivo 

expansion time (7 days versus direct seeding), cell densities (5,000 versus 20,000), dose ranges 

(Suppl. Fig. 2) and drug libraries (e.g., different compound batches). In addition, different 

passages of PDX models and concomitant clonal selection, could influence ex vivo drug response. 

Growth rate was assessed only in Máxima, serving as an indicator of sample quality, with growth 

rates below 100% reflecting spontaneous cell death in the absence of treatment. Growth rate 

correlated with response to cytotoxic and cell-cycle targeting agents, consistent with known 

mechanisms.35 As proliferation rates of ex vivo cultures are typically higher than patient tumors, 

anti-tumor effects of mitotic inhibitors might be overestimated.36 To improve comparability 

across models with variable growth dynamics, we recommend including growth rate as a 
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standardized quality control metric.35 Improving cross-institute comparison could result in large-

scale cohorts, which are valuable for rare diseases, as exemplified by initiatives such as COMPASS 

and the Society for Functional Precision Medicine (ERAPERMED2018-121).13 To further test cross-

site variability we are performing cross-site benchmarking experiments within the COMPASS 

consortium. To enhance the potential for wider clinical implementation, we therefore propose a 

harmonized protocol: 384-round bottom plates with standardized input (e.g. 500 cells per well), 

standardized quality control metrics (such as growth rate), agreed dose-ranges and compound 

libraries prioritized per tumor type, standardized timeframes of ex vivo expansion, and cross-site 

control samples. 

Through collaboration between the two institutes, we increased sample sizes, enabling 

the exploration of tumor type specific sensitivities,  including tumor types that are difficult to 

model in vitro, such as osteosarcoma.23 However, the heterogeneity and small sample sizes for 

several tumor types does limit the identification of robust subtype-specific drug responses and 

our findings must therefore be considered. Data correlating ex vivo sensitivity with patient 

response is rare in pediatric cancers yet is essential to validate drug response patterns. As an 

example, while Ewing sarcoma samples in our study showed sensitivity to PARP inhibitor ex vivo, 

consistent with other in vitro and in vivo studies,37,38 clinical trials of PARP inhibition in Ewing 

have not shown durable benefit.39–41 By contrast, INFORM reported parallels between ex vivo 

drug sensitivities and clinical courses in selected cases, such as complete resistance to the 

multidrug RIST regimen in relapsed Ewing sarcoma.13,19 Validating clinical outcomes in large 

pediatric cohorts remains a critical challenge for functional precision medicine programs.  
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Beyond tumor-type-specific associations, we examined associations with drug response 

and molecular profiling across the full cohorts. Here, pan-cancer analyses can be confounded by 

tumor-type bias. While MYCN and ALK alterations appeared linked to drug sensitivity in pan-

cancer, this link disappeared when restricted to neuroblastoma, indicating they were confounded 

by tumor-type sensitivity rather than the alteration. To address this, we explored ALK inhibitor 

response and transcriptomic changes within neuroblastoma alone. We found associations with 

ALK expression and response to selected ALK inhibitors, consistent with previous findings.42 

However, single genes and pathways did not result in consistent associations across all ALK 

inhibitors in both institutes. We therefore used master regulator analysis, which integrates the 

collective behavior of target gene networks which can reveal conserved regulatory programs that 

may be critical for modulating drug response.29 Although only significant in Máxima, higher 

baseline SMAD4 activity was associated with sensitivity to all three ALK inhibitors in both 

institutes. SMAD4 has tumor-suppressive roles in neuroblastoma and can be functionally 

inactivated by ALK-mediated phosphorylation.43,44 Tumors with higher baseline SMAD4 activity 

could be more sensitive to ALK inhibition, as blocking ALK could restore SMAD4-dependent tumor 

suppression.43,44 These results provide hypothesis-generating data and will require follow-up 

studies consisting of functional assays and in vivo PDX validations. While the potential of 

transcriptomics should be further validated in patients, our results suggest that relying solely on 

genomic status for trial eligibility may exclude patients who could benefit from ALK inhibition 

based on functional or transcriptomic profiles.  

To assess potential predictive markers of drug sensitivity, we compared different 

approaches commonly used in a precision medicine context: genetic biomarkers, transcriptional 
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biomarkers, and ex vivo drug screening. No targetable genetic alterations could be identified in 

13 out of 69 screens, underscoring a common limitation in pediatric precision oncology.4,6 

Consistent with prior studies, when targetable alterations were detected, they did not 

consistently predict ex vivo drug response.13 For example, CDK4 amplification did not associate 

with sensitivity to cell cycle inhibitors, in line with prior reports.12,45 At the individual patient level, 

functional profiling may add clinical value by complementing molecular profiling. Using a 

selective outlier approach, we identified drug hits for 94% of samples, including 12 out of 13 cases 

where no targetable alteration was identified. These findings demonstrate that ex vivo drug 

sensitivity profiling can expand therapeutic suggestions, especially in patients whose tumors lack 

targetable alterations. When an alteration is found, ex vivo drug sensitivity profiling can be used 

to refine the choice of compound. We used Cmax to estimate clinical achievability of ex vivo 

determined IC50 values, a strategy previously applied in in vitro drug screening.10 While useful as 

a first-pass filter, Cmax-IC50 comparisons do not capture in vivo pharmacokinetic and 

pharmacodynamic processes.30,46 For example, plasma protein binding, drug lipophilicity and 

tissue distribution can strongly influence free drug exposure at the tumor site and should be 

integrated in future in vitro work.47,48 Although this proof-of-concept study only included 

technical reproducibility as validation, biological validation will be pursued via matched in vivo 

testing. The ITCC-P4 consortium provides a platform for testing in vitro-identified drugs across a 

broad range of in vivo pediatric tumor models and is currently comparing the therapeutic efficacy 

of standard of care compounds with new investigational compounds or targeted therapies in this 

panel. Sixty of the models used here have matched PDX counterparts in ITCC-P4, enabling future 

validation of ex vivo hits in vivo. As an example, standard of care compounds for neuroblastoma 
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will include etoposide and topotecan and investigational drugs such as idasanutlin, cobimetinib, 

various ALK inhibitors, prexasertib and copanlisib. 

Taken together, our study provides a proof-of-concept for the feasibility of rapid ex vivo 

drug screening in pediatric precision oncology. Currently, this method is being expanded to 

include fresh patient samples. Our data support the future integration of functional profiling into 

a next-generation diagnostic platform that combines ex vivo drug sensitivity profiles with genetic 

and transcriptomic data to predict drug response.  

 

Methods  

Tissue Processing and Drug Screening Protocols 

Ex vivo short-term drug sensitivity screening was performed at two centers, Princess Máxima 

Center (Máxima) and Curie Institute (Curie), using fresh patient-derived xenograft (PDX) tumor 

material. This method aimed to assess ex vivo drug sensitivity profiling within a clinically relevant 

timeframe and to complement molecular profiling in pediatric precision oncology. 

PDX establishment  

PDX establishment and characterization was conducted in the ITCC-P4 consortium as previously 

reported.11,49 37 PDX models in the Máxima and 32 PDX models in Curie were selected and 

successfully screened ex vivo. 

In short, PDXs worked up in the Máxima were established by EPO, Charles River and Xentech, 

where informed consent was obtained from patients or parents/caregivers prior to the collection 

of biological samples in accordance with the study protocol approved by the Ethics Board of the 
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Medical Faculty of the University of Heidelberg. For each patient, fresh tumor material (surgical 

resection or biopsy), a constitutional (germline) sample and clinical information was collected. 

Solid tumors were transferred in cell culture medium and transplanted subcutaneously in NSG 

(NOD.Cg-Prkdcscid IL2rgtm1Wjl/SzJ), Swiss Nude (Crl:NU(Ico)-Foxn1nu) or CB17 SCID (CB17/Icr-

Prkdcscid/IcrIcoCrl) immunodeficient mice. 

At Institut Curie, PDXs were established from tumor biopsies obtained at diagnosis or at relapse, 

as described previously,11 following informed consent of parents or guardians.  Experimental 

procedures were approved by the ethics committee of the Curie Institute CEEA-IC #118 

(Authorization APAFIS#11206-2017090816044613-v2) in compliance with international 

guidelines. The establishment of PDX models received approval by the Institut Curie institutional 

review board OBS170323 CPP ref 3272; n° 2015-A00464-45). In brief, tumor samples were 

engrafted subcutaneously in immunocompromised mice.  

Upon successful establishment (> P2) and upon reaching ethical size, PDX tumors were 

cryopreserved for banking and further analyses. All PDXs from the Máxima, and 24 PDXs from 

Curie were integrated within the ITCC P4 consortium. For these models, all human and 

corresponding PDX samples, along with associated clinical, and molecular data, were anonymized 

and labeled using a barcoding system. This system encoded information about the original 

source, tumor entity, tumor event, sample type, and data type. Barcodes were automatically 

generated upon sample and patient data registration in the R2 online platform (r2-itccp4. 

amc.nl). For models not included in the ITCC P4 consortium, institutional anonymization was used 

(models IC-pPDX-### and models HSDJ_###). 
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PDX molecular profiling  

Comprehensive molecular profiling was conducted on PDX tumor samples and whenever 

possible on patient tumor and germline control. DNA and RNA were extracted from samples 

using standardized procedures.4,7 For low coverage whole genome (lcWGS)/whole exome 

sequencing (WES) library preparation was performed using standardized procedures,9 followed 

by capture using the Agilent SureSelect Clinical Research Exome V2 Kit, and sequenced using the 

Illumina R technologies. For DNA methylation array profiling, Methylation450K and 

MethylationEPIC BeadChip arrays (Illumina) were used. RNAseq Library construction was 

performed following the TruSeq Stranded mRNA LS protocol (Illumina, San Diego, CA). 

Sequencing was performed on Illumina sequencing machines: NextSeq 500 (150 nt paired-end) 

and NovaSeq (100 nt paired-end). 

 

Calling of genetic events  

NGS and methylation data was manually curated following visualization on the R2: Genomics 

Analysis and Visualization platform (http://r2.amc.nl). Data was used for calling of CNVs, SNVs 

and SVs/fusions predicted to be actionable, as described previously.4,7 For ALK, MYCN, TERT, and 

CDK4 high level genomic amplification were called as amplifications (copy number >log2). ALK 

alterations were also called in case of an activating mutation within the tyrosine kinase domain. 

Alterations in genes with suppressor gene function (SMARCA4, SMARCB1, NF1, ATM, PALB2, 

CHEK2, BRCA2, PTCH1 and PTEN) were considered in case of homozygous deletion, or loss of 

heterozygosity (LOH) in combination with an inactivating mutation.50 Mutations in ATRX were 

called in case of homozygous inactivating events or deletion, or the combination of LOH, in-frame 
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fusions, inactivating mutations, or hotspot mutations. Clinically relevant STAG2 was called in case 

of inactivating mutations.51 CDKN2A/CDKN2B alterations were considered in case of homozygous 

deletions. TP53 mutations were called when a deletion occurred together with an inactivating 

(frameshift or SNV) mutation (and heterozygous was annotated but not used in analysis, unless 

stated otherwise). HRAS was called in case of activating mutations (hotspot regions).  

 

Determining mice contamination in ex vivo short-term screen samples 

Mouse contamination in screened samples was determined either based on DNA (27 cases, at 

Máxima) or based on RNA analyses (33, at Curie). 

Prior to real-time quantitative PCR (RT-qPCR), genomic DNA extraction was carried out 

for all tested samples. Following DNA extraction and measurements, RT-qPCR was performed 

using the CFX384 Touch Real-Time PCR Detection System (BioRad). To measure the amount of 

either human or murine genomic DNA concentrations, two separate Go-Taq® qPCR-based (LOT: 

0000602761) master mixes (MM) were prepared, one to probe human DNA and one to probe 

murine DNA. For each reaction, 4,6 μL H2O, 10 μL Go-Taq® qPCR MM, either 0,2 μL forward 

human primer (REF: 2378847) or 0,2 forward murine primer (REF: 2378849) and 0,2 μL reverse 

human-murine primer (REF: 2378848), totaling 15 μL of MM, was added to 5 μL of 1 ng/ μL of 

isolated DNA, together with positive and negative controls. The positive human and murine 

controls were added to the plate in de-escalating human-murine ratios to more accurately 

determine human-murine ratios in the PDX samples. The ratios were set as follows: H100:0M, 

H99:1M, H95:5M, H80:20M, H20:80M, H0:100M. Cycling conditions included an initial 

denaturation of 5 minutes at 95 C, followed by 40 cycles of 45 seconds at 95 C and 30 seconds 
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at 60 C, ending on an extension of 90 seconds on 72 C. Melting curve analysis was performed 

to assess specificity of amplification and Cq values. Human and murine control ratios were used 

to determine the true human-murine ratios in the PDX models. 

RNAseq fastq files were processed by Institut Curie RNAseq pipeline version 4.1.0 with 

xgensort tool (https://gitlab.com/genomeinformatics/xengsort) to select reads coming from the 

human tumor, while filtering out mouse reads.  

 

Tissue dissociation, cell culture and cell seeding  

At both centers, tumor tissues were mechanically and enzymatically dissociated to obtain single-

cell suspension for ex vivo drug screening in flat bottom 384-well plates. While core principles 

were shared, protocol details regarding enzyme combinations, media composition, and 

expansion time before seeding differed between the Máxima and Institut Curie.  

At the Máxima, tumor tissues were first mechanically dissociated using sterile scalpels, followed 

by a two-step enzymatic digestion. Initially, tissues were transferred to Liberase DL (Sigma 

Aldrich, cat no. 5466202001) at a 1:43 dilution in tumor stem media (TSM) base, as reported 

before.19,52 Tumor pieces are digested at 37°C for 30 minutes, with intermittent swirling. 

Supernatant was collected and filtered through a pre-washed 70 µm strainer. On the remaining 

tumor pieces, a second digestion step was performed in a digestion buffer of Liberase TM (Sigma 

Aldrich, cat no. 5401119001) at a 1:43 dilution in TSM base for another 30 minutes at 37°C, with 

intermittent swirling. Following each harvest, cells were centrifuged at 300 g for 5 minutes. Red 

blood cells were lysed using a red blood cell lysis buffer, with a maximum of 4 minutes incubation 

at room temperature. Post-lysis, cells were suspended in TSM complete 19,52 and counted using 

https://gitlab.com/genomeinformatics/xengsort
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trypan blue. Tumor cells were cultured for 7 days before drug screening in TSM complete, at 37°C 

and 5% CO2. 40 μL of cells, aiming for 5,000 cells/well, are plated in a flat bottom 384-well tissue 

culture treated microplate (#3764, Corning, NY) using a multidrop combi reagent dispenser 

(Thermo Scientific). Total DNA was isolated and processed at the time of plating. 

At Institut Curie, freshly collected PDX tumors were first dissociated as described 

previously 17. After mechanical dissociation using sterile scalpels, enzymatic dissociation with 

trypsin (10 mg/ml) and type II collagenase (275 U/mg, Worthington Biochemical) was performed. 

The tube was then placed in a warm 37°C water bath for 60 minutes. Dissociation was stopped 

by adding Soybean Trypsin Inhibitor (10 mg/ml, Sigma). Deoxyribonuclease I (2 mg/ml, Sigma) 

and magnesium chloride (1 M) were added in equal amounts. The tumor suspension was filtered 

through a 40 µm cell strainer and then centrifuged at 500g for 5 minutes. The supernatant was 

discarded, and cell pellet was resuspended in PBS-minus/10% FBS for cell counting. The 

suspension was then re-centrifuged and resuspended in serum-free stem-cell (SC) medium, 

which contained Dulbecco’s Modified Eagle Medium/Nutrient Mixture F-12 (DMEM/F12, Gibco) 

supplemented with 40 ng/ml basic fibroblast growth factor (bFGF), 20 ng/ml epidermal growth 

factor (EGF), 1× B27 supplement (Gibco) and 500 U/ml of penicillin/streptomycin. Dissociated 

cells were directly seeded in flat bottom 384-well plates for drug screening without any pre-

culture amplification phase. 25 µl of cells (20,000 cells/well) prepared in serum-free stem cell 

(SC) medium was dispensed into each well using a MultiDrop Combi (Thermo Fisher). 

 

High-throughput compound screening  
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At both centers, high-throughput compound screening was performed to determine drug 

sensitivity profiles in ex vivo cultured PDX-derived tumor cells. Common principles included the 

use of flat bottom 384-well plates, incubation with compound libraries across multiple 

concentrations, and luminescence-based viability assays after 72h. Clinically relevant compounds 

were added using acoustic dispensing systems and screening was conducted in technical 

duplicates. Differences between the two sites involved compound library composition, dosing 

schemes, cell numbers, and assay reagents. 

In Máxima, screening was performed in two versions of its internal Princess Máxima 

Center library - version L13 and L14 -, which contains 224 and 225 drugs respectively. These 

libraries include compounds that are FDA approved, or in (pre-)clinical evaluation (Suppl. Tab. 1). 

For samples with limited biomass, a 134-compound clinical priority subset was applied. Most of 

the compounds from the libraries are dissolved in dimethylsulfoxide (DMSO) and stored at room 

temperature under nitrogen atmosphere. Five (metformin, perifosine, carboplatin oxaliplatin 

and copanlisib) drugs are dissolved in MQ and one (cisplatin) is dissolved in a saline solution, 

which are stored at -20 °C. Before the high-throughput screening, the 384-well plates (Well Low 

Dead Volume Source Microplates, Labcyte) containing the dissolved drugs are shaken (30 

minutes at rt) and centrifuged (2.30 minutes at 1500 rpm). Subsequently, the plates are surveyed 

with the Echo 550 dispenser to determine whether the amount of solution in the wells is 

sufficient to start the screen (minimal 2.5 µl) and the DMSO percentage is >80%.  

In Institut Curie, the Compass03 oncology collection, covering a total of 74 oncology drugs 

(mainly FDA/EMA approved) and control drugs designed for COMPASS study, was used (Suppl. 
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Tab. 2) 19,53. All compounds were obtained from commercial compound vendors. The compounds 

were dissolved in 100% DMSO or MQ.  

In Máxima, high-throughput drug screens were conducted in duplicate in collaboration 

with the high-throughput screening facility of the Princess Máxima Center. Cells are cultured for 

24h under standard culturing conditions (5% CO2, 37 °C). Next, the Cell Titer Glo 3D (CTG3D, 

Promega, USA, G9683) cell viability assay is performed for the t = 0 microplate using the supplier’s 

protocol by measuring luminescence. Units of luminescence signal generated by a thermo-stable 

luciferase are proportional to the amount of ATP presented in viable cells. Furthermore, the drugs 

are added to tissue culture microplates and the library using the high-throughput screening 

facility (https://research.prinsesMáximacentrum.nl/en/core-facilities/high-throughput-

screening). Using the Echo 550 dispenser, 100 nL of the drugs (in DMSO or MQ, at different 

concentrations) are added to the wells containing the cells, to yield final concentrations of 0,1 

nM, 1 nM, 10 nM, 100 nM, 1 µM and 10 µM (0.25% DMSO or MQ). Cells treated with only DMSO 

are used as negative controls, whereas cells treated with staurosporine (final concentration of 10 

µM) are used as positive controls. The cells are incubated with the compounds for 72h at 

standard culturing conditions. Next, after 72h of incubation, the CTG3D assay is performed for 

the microplates. Growth rates of the DMSO-treated cells during the screen are determined by 

dividing the CTG3D signal of the DMSO controls at day 3 by the signal at t0 (cell growth). In 

addition, to assess culture quality, microscopic inspection and imaging are performed at both 

timepoints. 

At Institut Curie, 384-well plates with cells were also incubated for 24h at 37°C. Next, the 

compounds were dispensed using an acoustic liquid handling device, Echo 550 (Beckman Coulter) 

https://research.prinsesmáximacentrum.nl/en/core-facilities/high-throughput-screening
https://research.prinsesmáximacentrum.nl/en/core-facilities/high-throughput-screening
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at FIMM High Throughput Biomedicine unit (University of Helsinki, Finland; 

https://www.helsinki.fi/en/infrastructures/drug-discovery-chemical-biology-and-

screening/infrastructures/fimm-high-throughput-biomedicine-unit) in three 384-well 

microplates (Corning - 3764). All drugs were plated in duplicates in five different concentrations 

in 10-fold dilutions covering a 10,000-fold concentration range (e.g. 1- 10,000 nM) mostly 

encompassing the achievable plasma concentrations in pediatric patients 19,53. The cells are 

incubated with the compounds for 72h at standard culturing conditions. Drug effects on cell 

viability were measured using the CellTiter-Glo 2.0 Luminescent Cell Viability Assay (Promega). 

The reagent was equilibrated to RT for 30 minutes prior to use. A volume of 25 µl per well of CTG 

reagent was added in each well, mixed for 2 minutes at 300 rpm on an orbital shaker (Titramax 

100). Plates were further incubated for 10 minutes at RT to stabilize luminescence signals. 

Luminescence was recorded using a CLARIOStar (BMG Labtech) (gain = 3600) using top 

measurement. 

 

Data processing  

In all cases, following high-throughput drug screening, the data is normalized to the 0.25% DMSO-

treated cells (defined as 100% viability) and the empty controls (0% viability). Dose-response 

curves were estimated by a 5 parameters log-logistic model using the R package drc (version 3.0.1 

with R 4.3.1; 54 From these fitted models several values were estimated: the concentrations of 

the drug needed to achieve a 50% reduction in cell viability (IC50), the definite integral of the 

curve (area under the curve, AUC). AUCs were normalized by the range of concentration for each 

compound as AUCnorm score to compare the two cohorts. Quality of the screens was approved 
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after assessment of the cell growth, the negative, positive, and empty controls, and the amount 

of variability between the duplicates. After processing, in the Máxima, a standard quality check 

is performed by high-throughput screening facility as well as a manual check per compound.  

AUCnorm are used when analyzing within one cohort to define and compare drug 

sensitivities, as IC50s are not reached for ineffective compounds. When comparing two different 

cohorts with different dose ranges, the IC50 is used to compare drug sensitivities. In rare cases, 

normalized viability exceeded 100% at non-effective concentrations, resulting in an AUCnorm 

slightly above 100. This was retained to avoid artificial truncation of the curve and reflects 

occasional biological or technical variability. NB0277 was received three times due to a sample 

mislabeling. Only the first received sample was included in all analyses, except for the 

reproducibility testing (Fig. 1E) and growth-rate correlations (Fig. 3C), where the other two 

samples are also included. 

 

Tumor type compound specificity 

To assess the specificity of compound responses across tumor types, an analysis of variance 

(ANOVA) model was employed, between AUCnorm and tumor type as covariate. Compounds 

yielding a p-value ≤ 0.05 were considered to exhibit statistically significant differential responses 

among tumor types. To further investigate tumor-type-specific efficacy, t-tests were conducted 

comparing each tumor type against the pooled set of all other types. This analysis aimed to 

identify compounds with significantly higher or lower AUCnorm values in specific tumor types 

relative to others. 

 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS 

 

Identifying transcriptomic signatures linked to drug sensitivity 

To identify genes whose expression correlates with AUCnorm differential gene expression analysis 

was performed using DESeq2 (v 1.44.0)55 in R version 4.4.1. Raw count data were filtered to 

remove lowly expressed genes, retaining only those with a minimum expression threshold in 

multiple samples. Counts were normalized using the median-of-ratios method to account for 

differences in sequencing depth. Both drug response (AUCnorm) and gene expression were 

modeled as a continuous variable (no dichotomization), using a generalized linear model (GLM) 

of the form: 

Expression∼ AUCnorm 

where AUCnorm represents the drug sensitivity score for each sample. Wald tests were used to 

assess statistical significance, and Benjamini–Hochberg (BH) correction was applied to control for 

false discovery rate (FDR). Genes with adjusted p-values (padj) < 0.05 were considered significant. 

We excluded ceritinib from the analysis due to inconsistent results from the AUCnorm-based linear 

model. 

Pathway enrichment analysis was performed using Gene Set Enrichment Analysis (GSEA) 

with the fgsea (v 1.30.0)56 package in R. Genes were ranked based on Wald test statistics from 

DESeq2, preserving the direction of association with AUCnorm. Hallmark gene sets were obtained 

from the Molecular Signatures Database (MSigDB) 57 using the msigdbr (v 7.5.1) 58 package in R, 

for enrichment analysis. The fgsea algorithm was run with 1,000 permutations, using a minimum 

gene set size of 15 and a maximum of 500 to exclude nonspecific pathways. Pathways with 

adjusted pvalue < 0.05 were considered significantly enriched. 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS 

 

Master regulator (MR) analysis was performed using VIPER (v 1.38.0; 59) to infer the 

activity of transcription factors (TFs) associated with drug sensitivity in neuroblastoma. Two 

complementary approaches were employed: msVIPER, which identifies MRs at the cohort level 

by integrating gene-level differential expression data, and VIPER, which infers MR activity at the 

individual sample level. To identify TFs driving AUCnorm-associated transcriptional changes, the 

msviper() function was applied to the gene signature defined as described in the “Identifying 

transcriptomic signatures linked to drug sensitivity” section above, using a neuroblastoma-

specific regulatory network constructed from ARACNe-inferred60,61 TF-target interactions derived 

from the SEQC dataset of 498 bulk RNA-seq neuroblastoma samples. 62 Enrichment significance 

was assessed using adaptive-weighted Kolmogorov–Smirnov statistics with 1000 permutations. 

All analyses were conducted in R version 4.4.1 using VIPER with a neuroblastoma-specific regulon 

derived from publicly available expression datasets, applying default parameters unless 

otherwise specified. 
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Data access statement  

The data presented in this study are available via the R2 Genomics Analysis and Visualization 

Platform (https://r2.amc.nl). 
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Figure 1: Ex vivo drug sensitivity profiling is feasible for a broad range of high-risk solid tumors. A) 

Schematic representation of drug screening protocol. B) Success rate of ex vivo drug screens by tumor type, 

showing the proportion of samples with successful screens, samples with insufficient viability for plating, 

and samples with unsuccessful screens due to either infection or screening failure. C) Donut plot showing 

the cohort overview of ex vivo direct screens per tumor type. D) Number of compounds in drug libraries of 

the Princess Máxima Center (orange), Curie Institute (blue) and the number of overlapping compounds 

(brown). E) Scatterplot of drug sensitivity (AUCnorm) for ex vivo cultures from two distinct PDX samples of 

the same patient sample (NB0276) that were received two months apart and followed the same protocol 

in Máxima. Each dot represents the AUCnorm per compound, colored by drug target. Pearson correlation 

coefficient = 0.95.  F) Comparison of drug sensitivities (AUCnorm) of overlapping patient samples screened 

in both institutes. For each patient sample, a scatterplot of IC50 values is shown (includes only those 

compounds for which IC50 was reached in both institutes). Each dot represents a compound, colored by 

drug target. Pearson correlation coefficients are indicated between brackets. G) Oncoplot depicting the 

molecular landscape of PDX models included in the cohort, showing key targetable genetic alterations. 

MPNST = malignant peripheral nerve sheath tumor; _M = screened in the Máxima institute; _C = 

screened in Institut Curie; _PP = PDX of primary tissue; _PT = PDX of progression under treatment 

tissue.  
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Figure 2: Ex vivo drug sensitivity profiling to reliably predict tumor-type specific response in two cohorts. 

A-B) Boxplot representing the top 15 performing compounds based on AUCnorm in the Máxima (A) and 

Curie (B) cohorts. Only compounds tested in both institutes are included. Each dot represents an individual 

sample, colored according to the tumor type. For all box plots: the box represents the interquartile range 

(IQR), with the median (50th percentile) indicated by the horizontal line inside the box. The whiskers extend 

to 1.5 times the IQR, with data points outside this range considered as outliers and shown as individual 
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points. C) Principal component analysis (PCA) showing PCA1 versus PCA2 on the drug response profiles, 

each dot represents a sample, colored by tumor type. D) Tumor-type specific sensitivity for palbociclib is 

shown in the two cohorts. Dose ranges (in μM) are indicated on top for both cohorts (Máxima in orange, 

overlapping in brown). Box plots show AUCnorm scores per tumor type, per cohort. Orange boxes represent 

the Máxima cohort and blue boxes represent Curie. Neuroblastoma samples demonstrate specific 

sensitivity for palbociclib. E) Tumor-type specific sensitivity for PARP inhibitors (olaparib and talazoparib) 

tested in two cohorts. Box plots show Z-scores (based on AUCnorm) per tumor type, for the Máxima (top) 

and Curie (bottom) cohorts. Ewing sarcomas demonstrate specific sensitivity for PARP inhibitors. A lower 

Z-score represents greater sensitivity compared to the other samples, the higher the Z-score, the less 

sensitive the sample is for this compound.  
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Figure 3: Ex vivo drug sensitivity profiling to identify associations with drug response and ex vivo growth 

rate, and to identify timepoint specific therapeutic windows A) Box plots representing AUCnorm for 

idasanutlin of patients harboring wild type (WT) TP53 (right) and samples harboring homozygous TP53-

inactivating events (left) in both cohorts. Samples are colored by tumor type. B) Boxplots representing 

sensitivity (AUCnorm) in Curie for targeted compounds, where colored boxes represent the ex vivo cultures 

from PDX models with genetic alterations colored by the alteration targeted by that compound (colored = 

altered, grey = wild type). Stars show a significant difference (p < 0.05) in drug response in the altered 

versus wild type samples (grey stars: these alterations are only present in neuroblastoma, and significance 

did not hold in neuroblastoma only analyses). C) Scatter plot that shows correlation of growth rate and 

AUCnorm for prexasertib and docetaxel. Each dot represents a sample, colored per tumor type. D) Drug 

sensitivity for two Ewing sarcoma patients in two timepoints (primary and progression samples), left 

represents ES0482 and right represents ES0619. Each dot represents the AUCnorm of a compound, which is 

colored by its target subtype. Compounds that are highlighted by the red boxes: topoisomerase and tubulin 

inhibitors are influenced by the growth rate in ES0482 and idasanutlin, which is influenced by an acquired 

homozygous TP53-inactivation in ES0619. 
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Figure 4: RNA expression and pathway analyses associated with ex vivo drug sensitivity of targeted 

compounds. A) Scatterplot representing BCL-2-expression versus drug sensitivity for BCL-2-inhibitor 

venetoclax in the Máxima cohort (n = 23). Samples are colored by tumor type, boxplots represent BCL-2-

expression across tumor types (bottom) or AUCnorm across tumor types (right). B) Scatterplot representing 

ALK-expression versus drug sensitivity for ALK-inhibitor ceritinib in the Máxima cohort (n = 24). Samples 

are colored by tumor type, shapes resemble ALK-genetic status (circle: wild type; star: altered), boxplots 

represent ALK expression across tumor types (bottom) or AUCnorm across tumor types (right).  C) Dot plot 

showing pathway enrichment associated with sensitivity to alectinib, crizotinib, and lorlatinib in 

neuroblastoma ex vivo screens (Máxima: n = 8, Curie: n = 11). Pathways shown are those significantly 

enriched for at least one drug in either cohort; top 15 pathways with overlap across cohorts are 



ARTI
CLE

 IN
 P

RES
S

ARTICLE IN PRESS 

 

highlighted, although the enrichment direction may differ between drugs or cohorts. Dot color indicates 

the Normalized Enrichment Score (NES) (red = positive enrichment, blue = negative); dot size reflects 

statistical significance (–log₁₀ adjusted p-value), with larger dots indicating greater significance. MES = 

mesenchymal. D) Overlapping MRs associated with sensitivity to lorlatinib in neuroblastoma ex vivo 

screens. VIPER analysis results for the Máxima and Curie cohorts, highlighting TFs whose regulatory 

activity is significantly (padj. < 0.05) associated with drug sensitivity and shared between both cohorts for 

lorlatinib. Each row shows a TF inferred as an MR based on the coordinated differential expression of its 

target genes (regulon). The barcode plot (middle panel) shows the projection of each MR’s activated (red) 

and repressed (blue) target genes along the gene expression signature (GES), ranked from the most 

downregulated (left) to the most upregulated (right) in drug-sensitive tumors. The heatmap (right panel) 

shows the MR Activity Score (Act) which indicates inferred regulatory activity (red = activation; blue = 

repression). Color intensity reflects the strength of activation or repression, with more saturated colors 

indicating greater inferred activity differences. 
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Figure 5: Ex vivo drug sensitivity profiling to complement molecular profiling in guiding clinical decisions 

A) Drug top hits are identified per compound, as patients whose AUCnorm and IC50 both fell within the 20% 

most responsive quantile. In this case, IC50 values for abemaciclib were not reached in all samples, 

therefore the top 20% consists of seven samples (versus fourteen in AUCnorm). B) Boxplots representing 

10 most effective compounds in Máxima. For drug top hits, samples are colored by tumor type. The shape 

of each datapoint represents if the IC50 is lower than Cmax (star), higher then Cmax (square) or if Cmax is 

unknown/ IC50 is undetermined (circle). C) Number of top hits found for samples included in the Máxima 

cohort. Bold and green sample names represent samples for which molecular profiling failed to identify a 

targetable alteration. D) Ex vivo drug sensitivity (normalized AUC) in the Máxima cohort exemplifying only 
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BCL2- and ALK-inhibitors. Red datapoints resemble normalized AUCs of drug top hits for NB0277, black 

datapoints resemble normalized AUCs of compounds not found as drug top hit for NB0277, grey datapoints 

resemble the rest of the cohort.  


