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The past decade has brought a wealth of information about the genetic and 

molecular characteristics of medulloblastoma, a cancer of the cerebellum. This should 

enable more targeted therapy better adapted to the diversity of the disease. However, 

barriers remain to translating this knowledge into improved therapeutic outcomes. 



xii 

Bridging the gap between genomics and treatment will require realistic preclinical 

models and integration of functional and genomic data. To this end, we performed in 

vitro screening of 7729 drugs on 20 patient-derived xenografts (PDXs) from the three 

most common medulloblastoma subgroups. One drug, actinomycin D, was shown to 

be effective in vivo in PDXs of Group 3 medulloblastoma, the molecular subgroup 

with the worst outcomes. Screening results were analyzed alongside mutational, 

transcriptional, and epigenetic data. I illustrate how this data could be used to provide 

personalized therapy recommendations and to shed light on molecular mechanisms 

underlying differences in drug response. 
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Introduction 

Medulloblastoma, or cancer of the cerebellum, is among the most common 

pediatric brain cancers (Ostrom et al. 2017). Brain cancer is the leading cause of 

childhood cancer deaths (Siegel et al. 2016). The prognosis for medulloblastoma 

varies considerably between molecular subgroups, but the overall ten-year survival is 

about 65% (Ostrom et al. 2017). Most survivors suffer reduced quality of life owing to 

long-term side effects of surgery, chemotherapy, and radiation on the developing 

brain and spinal column, including severe cognitive or motor impairment (Spiegler et 

al. 2004, Mabbott et al. 2005, 2008), stunted growth, and secondary cancers later in 

life. Many of these sequelae can be attributed to disruptive effects of treatment on 

ongoing developmental processes which are not active in adults. These side effects 

of treatment lend continued urgency to the search for safer and more effective 

medulloblastoma treatment. More effective chemotherapy may be safer if it requires 

lower dosage or fewer treatments for the same effect, or if it can reduce reliance on 

craniospinal radiation, the most damaging of the three main treatment modalities.  

Our understanding of the genomic, developmental, and molecular 

underpinnings of medulloblastoma has changed radically in the past decade due to 

technological advances in data acquisition and international collaboration to collect 

and preserve tumor tissue. What had long been treated as a single disease based on 

its anatomical location was shown by clustering of expression profiles to comprise at 

least four subgroups with distinct molecular characteristics (Thompson et al. 2006, 

Kool et al. 2008, Northcott et al. 2011, Cho et al. 2011), each subgroup likely arising
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 from a different cell type. Two of the subgroups, WNT and SHH, were named for 

pathways thought to play a prominent role in their oncogenesis. The other two were 

assigned the generic names Group 3 and Group 4 (G3, G4) because of uncertainty 

about their underlying biology. These four subgroups are now recognized by the 

World Health Organization (Louis et al. 2016). Referring to these four as “subgroups,” 

while any finer-grained subclasses are called “subtypes” is a convention adopted by 

some researchers to avoid confusion (Taylor et al. 2012), and I will follow suit in this 

dissertation. The basic molecular characteristics of the subgroups have been 

cataloged, including recurrent mutations, copy number aberrations, and structural 

variants (Northcott et al. 2012, Pugh et al. 2012, Robinson et al. 2012, Northcott et al. 

2017). In general, there are few highly penetrant genomic aberrations. The exception 

is the WNT subtype, both the least common and the least dangerous, which tends to 

have monosomy 6 (over 95%) and mutation of CTNNB1 (91%) and DDX3X (50%). 

But only one other alteration (PTCH1 mutation, 24% of the SHH subtype) is known to 

occur in more than 20% of tumors within any other subtype (Northcott et al. 2012). 

The heterogeneity within each subgroup becomes increasingly apparent as more 

samples accumulate, allowing greater resolution (Northcott et al. 2017, Cavalli et al. 

2017). The molecular and developmental differences between the subgroups have 

implications for prognosis, with 5-year survival as high as 95% for the Wnt subgroup 

and as low as 20%-25% for a MYC-driven G3 subtype (Cho et al. 2011, Northcott et 

al. 2012).  
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Table 1: Clinical and molecular characteristics of medulloblastoma subgroups. 
Reproduced from Northcott et al. 2012. 
 

 

Some early efforts to leverage this knowledge are underway, including clinical 

trials of Smoothened inhibitors in SHH-activated medulloblastoma, of reduced 

radiation and chemotherapy in the less-aggressive WNT subgroup, and of addition of 

pemetrexed and gemcitabine to standard regimens for Group 3 patients. Still, for the 

most part the abundant data and molecular insights of the era of “medulloblastomics” 

have yet to be translated into substantial changes in treatment, and most patients 

continue to receive standard chemotherapeutic regimens—most often a combination 

of vincristine, cisplatin, and cyclophosphamide—that have changed little in fifteen 

years. Some of the main barriers to developing more targeted therapies are 
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limitations of the available data on drug response, particularly inadequate fidelity of 

existing preclinical models and a lack of integration with molecular data.  

Realistic preclinical models 

The hitherto predominant classes of medulloblastoma models—immortalized 

cell lines, genetically-modified mice, and transformed cells—differ from natural human 

tumors in ways that can substantially reduce their ability to generalize to a clinical 

setting. Cell lines cultured in vitro diverge genetically from original tumors, some of 

which were resected decades ago. Results in genetic mouse models are sometimes 

not applicable in humans because of differences between the two organisms. 

Transformed cells may resemble natural tumors with respect to selected mutations or 

other characteristics, but differ in other ways.  

In recent years, patient-derived xenografts (PDXs) have become a viable and 

more clinically-realistic alternative model. As the name implies, cells are taken directly 

from an excised patient tumor and, after minimal processing, implanted into an 

immunodeficient mouse. The immediacy of xenografting eliminates the genetic drift 

and in vitro selection that occurs with passages of cell lines. Particularly realistic are 

orthotopic PDXs, grafted from the anatomical site of origin to the corresponding site in 

the host animal, thereby preserving important tissue characteristics, such as the 

presence of the blood-brain barrier for brain tumors (see Appendix A.4). 

Even with PDXs, fidelity to primary tumors can be a concern. Not all PDXs 

successfully establish themselves in their hosts, and some selection may occur for 

attributes related to colonization. Different methods of tumor processing, sampling, 

and transplantation may result in PDXs that do not faithfully represent the degree of 
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heterogeneity of subclones in the primary tumor. As with other xenografts, human 

tissue can be contaminated with mouse tissue during extraction and processing, 

though computational methods have been developed to reduce the effect (e.g. Isella 

et al. 2015). And use of immunocompromised mice precludes modeling of the role of 

the immune system, whose importance in cancer has become increasingly apparent 

in recent years.  

Despite these concerns, several papers have shown that PDXs tend to 

preserve the characteristics of their primaries, even through multiple in vivo 

passages, in terms of gene expression, histology, and immunohistochemical 

phenotypes (Zhao et al. 2012; Gao et al. 2015) and drug response (Izumchenko et al. 

2017). Though still imperfect models, PDXs represent a substantial step forward and 

an opportunity to address important shortcomings of the currently available data for 

medulloblastoma. 

To achieve a favorable balance of fidelity and throughput, in this study we 

used 20 orthotopic PDXs, representing the three most common subgroups of 

medulloblastoma (10 G3, 6 SHH, and 4 G4), grew the PDXs in biological triplicate to 

achieve sufficient cell number, then dissociated and screened them in vitro. In vitro 

screening has a cost in terms of fidelity to in vivo response, but it allows sufficient 

throughput for screening a diverse set of compounds. For a subset of drugs, results 

were confirmed in vivo. 

Integration of functional and molecular data 

While drug screening can identify effective drugs when performed alone, 

much of its potential for insight and application lies in using it together with other data, 
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such as the mutation, copy number, gene expression, and methylation profiles of the 

screened tumors. For example, correlations between drug response and molecular 

features can lead to discoveries about medulloblastoma biology and drug function, 

and enable prediction of response for new tumors. However, most information on 

human medulloblastoma drug response comes from tumors for which molecular data 

was not assayed: for example, this is the case for most clinical trials. Conversely, 

molecular data have been assayed for many human tumors, allowing characterization 

of subgroups and recurrent mutations, but in general no drug response data exist for 

these tumors. Public cell line screening datasets do include molecular data, but the 

few medulloblastoma cell lines they contain are insufficient in number and variety to 

adequately represent the disease’s diversity, and these cell lines have diverged 

considerably from their primary tumors during in vitro culture. 

To enable data integration, in this study we performed whole-exome 

sequencing along with gene expression and methylation profiling for all 20 PDXs that 

were screened for drug response. When permitted by the amount of available tissue, 

the same profiling was done for the primary tumors of the PDXs for comparison. 

While 20 is a small sample size for statistical purposes, it is a major improvement 

over existing data, and serves as a pilot to show the potential of integrating functional 

and molecular data at a larger scale in the future.
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Chapter 1: Experimental procedures 

1.1 PDX sources 

The PDX lines used for this study were generated by the Milde lab 

(unpublished), Cho lab (Bandopadhayay et al. 2014), Li lab (Zhao et al. 2012), Olson 

lab (Girard et al. 2015; Morfouace et al. 2014), and Wechsler-Reya lab (Brun et al. 

2014; Kool et al. 2014). The sources and basic characteristics of the PDXs are 

summarized in Table 2.  
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Table 2: Summary of PDX sources. WR = Wechsler-Reya.  

Model Source Sex Age (y) Metastasis status Subgroup Ploidy 

BT084 Milde M   SHH 4 

ICB984 Li F 8  SHH 4 

RCMB18 WR M 7 non-disseminated SHH 4 

MED1712 Olson M 4.9 NA SHH 2 

RCMB24 WR M 12 non-disseminated SHH 2 

RCMB32 WR M 5 Disseminated SHH 4 

ICB1299 Li F 3 M3 G3 2 

ICB1572 Li M 15 M3 G3 2 

MB002 Cho M   G3 2 

MB009 Cho F   G3 2 

MED1911 Olson M 3.5 M3 G3 4 

MED211 Olson M 2.8 M0 G3 2 

MED411 Olson M 3 M0 G3 4 

RCMB20 WR M 2 non-disseminated G3 2 

RCMB28 WR M 15 Disseminated G3 4 

RCMB40 WR F 2 non-disseminated G3 2 

DMB006 WR M 8  G4 2 

ICB1487 Li M 7 M0 G4 2 

MED2312 Olson F 2.8 M3 G4 4 

RCMB38 WR F 6 non-disseminated G4 4 
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PDX lines were generated by implanting patient cells directly into the 

cerebellum of immunocompromised mice (i.e. as an orthotopic xenograft) and 

propagating them from mouse to mouse without in vitro passaging. NOD-SCID IL2R-

gamma null (NSG) mice were used for intracranial tumor transplantation and were 

purchased from Jackson Labs (Bar Harbor, ME). Mice were maintained in the animal 

facilities at the Sanford Consortium for Regenerative Medicine.  

1.2 Drug screen  

For all experiments, cells were isolated from tumor-bearing mice, 

resuspended in NeuroCult with proliferation supplement (Stemcell Technologies), and 

assayed as described below. In 384 well plates (Corning) 2.5 nl of compound-

containing solution was pin-transferred into the middle 240 wells of the plates. 104 

MP tumor cells were plated on top in 25 μl Neurocult with proliferation supplement 

using an electronic multi-channel pipettor resulting in a final drug concentration of 1 

μM. This concentration was selected as an achievable dose in vivo that is slightly 

more stringent than that of comparable screens (Atkinson et al. 2011, Morfouace et 

al. 2014). Every library set of plates included 12 wells of DMSO (negative control), 

and each full replicate set included 12 wells of 1 μM YM155 (positive control). Viable 

cell number in each well was determined using the CellTiter-Glo reagent (Promega) 

and read in an automated Envision plate reader (Perkin-Elmer) after 48 hr incubation. 

The screen was done in triplicate: viability for each drug/PDX combination was 

measured on three separate plates. A total of 7729 drugs were assayed, with some of 

them represented more than once from different vendors, resulting in 4476 unique 

compounds. The drugs were drawn from various commercial libraries. Chemical 
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structures were known for most compounds, allowing unambiguous association with 

PubChem entries for 6678 compounds.  

The use of a single concentration implies a trade-off. It does not capture the 

relevant therapeutic range of concentrations for all drugs; a more accurate measure 

would be the area under the dose response curve, based on assaying multiple 

concentrations. However, since a primary goal of the screen was to discover novel 

therapeutics, best accomplished with a broad scope of tested compounds, limiting to 

a single concentration was necessary to enable the desired throughput.  

1.3 Exome sequencing 

The exome libraries were prepared according to Agilent SureSelectXT Target 

Enrichment System for Illumina Paired-End Sequencing Library kit following the 

manufacturer's instructions. Genomic DNA was sheared by acoustic fragmentation 

(Covaris, MA, USA) to 150-170 bp insert size, followed by size-selection. Exome 

capturing was carried out with Agilent SureSelect Human All Exon V4 bait library in-

solution capture reagents. The quality of the libraries was assessed with the Agilent 

2100 Bioanalyzer. Sequencing was done on an Illumina HiSeq2000 instrument 

(Illumina, CA, USA) with paired-end 100-bp runs at the DKFZ Genomics and 

Proteomics Core Facility (Heidelberg, Germany).  

The exome sequencing data were processed with a standardized workflow. 

The alignment and variant calling procedures were adapted from a pipeline 

developed in the context of the ICGC Pan-Cancer project (https://github.com/ICGC-

TCGA-PanCancer). Reads were aligned to the hg19 reference genome using bwa-

mem (v. 0.6.2) (Li and Durbin 2009). A merged human and murine reference genome 
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(based on hs37d5 and GRChm38mm10) was used for capturing contaminating reads 

derived from mouse tissue. Aligned reads were sorted by coordinates and duplicates 

were marked using the bamSort and bammarkduplicates functions of biobambam (v. 

0.0.148) (Tischler and Leonard 2014). 

Single nucleotide variant (SNVs) calls were based on SAMtools (v. 0.1.19) 

mpileup (Li et al. 2011), and short insertions/deletion (indels) calls were based on 

Platypus (v. 0.7.4) (Rimmer et al. 2014), followed by specially tailored quality filters, 

as described in Jones et al. (2013), that take into account coverage, frequency, and 

surrounding sequence of variants. Additional filtering was performed by removing 

mutations in genes and positions that were found mutated at non-hotspot locations in 

multiple samples, therefore being most likely SNPs or artifacts. Variants were 

annotated using ANNOVAR (Wang et al. 2010). 

Due to lack of availability of the matched germline, we excluded all snvs/indels 

that fulfilled the following criteria: 

●  > 0.01% minor allele frequency in any population in the 1000 Genomes 

Project data (1000 Genomes Project Consortium 2015) 

● > 0.01% minor allele frequency in any population in ExAC 0.3 data (Lek et al. 

2016) 

● >0.01% minor allele frequency in any population in the latest NHLBI-ESP data 

(ESP6500SI-V2, NHLBI 2014). 

Sequencing was also done for the primaries of the PDXs. Comparison of 

primary and PDX could theoretically identify mutations that arose after resection. 

However, other explanations exist for mutations found in the PDX and not the 

primary: a subclone in the primary may have been sampled for the PDX, or subclone 
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outgrowth could have occurred after resection. In either case, the mutation would 

have been present in the primary, albeit at low allele frequency. And the difficulties of 

variant calling without a germline are such that primary-PDX discrepancies could be 

noise or artefacts. Mutations found in both PDX and primary are of higher confidence, 

and so were included. Mutations found in the primary but at insufficiently low allele 

frequency in the PDX could be rescued by the extra corroborating information. 

However, we chose to be more stringent and keep only those mutations that did not 

require primary rescue, i.e. were confidently called in the PDX. In addition, we limited 

our consideration to genes recurrently mutated in a large medulloblastoma cohort 

(Northcott et al. 2017).  

Some additional genomic features aside from SNVs and small indels were 

inspected as well, including specific copy number alterations known to be recurrent in 

medulloblastoma, and broader features such as chromothripsis, which in 

medulloblastoma has been associated with TP53 mutation (Rausch et al. 2012). 

Together with recurrent mutations, these lesions are summarized in Figure 1. 
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Figure 1: Recurrent medulloblastoma somatic lesions seen in the PDXs. Population 
percent columns for each subgroup indicate the observed frequency of each somatic 
event within tumors of that subgroup. 
 

One G3 PDX, MB002, has a mutation in TP53. This is unusual for G3 

medulloblastomas. MB002 also has MYC amplification. One possibility is that MB002 

is derived from a relapsed tumor. Relapsed tumors differ from primary tumors in 

several ways, and tend to have more MYC amplifications and TP53 mutations (Hill et 

al. 2014).  
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1.4 Gene expression  

The 20 PDXs and 7 of their primaries yielded samples with sufficient quantity 

and quality of RNA for gene expression analysis. The analysis was performed using 

Affymetrix GeneChip Human Genome U133 Plus 2.0 arrays at the Microarray 

Department of the University of Amsterdam, the Netherlands. Sample library 

preparation, hybridization, and quality control were performed according to protocols 

recommended by the manufacturer. Quality of the arrays was ensured by inspection 

of the beta-actin and GAPDH 5′-3′ ratios as well as the percentage of present calls 

generated by MAS5.0 (Affymetrix Inc).  

One concern with PDXs is the extent to which murine stromal tissue infiltrates 

the xenograft. Such contamination could affect assays performed after the xenograft 

is resected, such as gene expression arrays. Mouse RNA could hybridize to probes 

for human genes in ways that bias expression measurements. To correct for this in 

the Affymetrix data, I used the hspec content descriptor file (Isella et al. 2015), which 

was created from a dataset in which mouse RNA from various tissues was applied to 

a human gene array, and the oligonucleotide probes that registered hybridization 

above a threshold were discarded. Expression for each gene was calculated based 

on the remaining, more human-specific probes. Robust multi-array averaging (RMA) 

(Irizarry et al. 2003) was used to normalize the resulting expression values.  

Expression data for three other PDXs-primary pairs (Zhao et al. 2012), profiled 

using the Illumina human-6 v2.0 expression beadchip, is also available through the 

Gene Expression Omnibus, accession number GSE28192. 
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1.5 Methylation 

Whole genome DNA methylation data of 30 samples presented in this study 

was generated from fresh frozen material using the Illumina Infinium 450k Methylation 

BeadChip Arrays (450k arrays). Methylation profiling was performed according to the 

manufacturer’s instructions at the DKFZ Genomics and Proteomics Core Facility 

(Heidelberg, Germany). All analyses were performed in R version 3.3.0 (Development 

Core Team, 2016). Downstream analyses as described in Hovestadt et al. (2013) 

were performed in R using beta-values. The complete CpG methylation values have 

been deposited in NCBI’s Gene Expression Omnibus under accession number 

GSE99994. Normalization and generation of beta values was performed as described 

in Sturm et al 2016. 

The following filters were applied to filter out probes which yield inaccurate 

methylation levels: removal of probes targeting the X and Y chromosomes (n = 

11,551), removal of probes containing a single-nucleotide polymorphism considered 

common in dbSNP132 or the following base for type I probes (n = 7,998), and probes 

not mapping uniquely to the human reference genome (hg19) (n = 3,965). In total, 

460,936 probes were kept for analysis.  

1.6 Copy number 

Copy number was also estimated from the 450k methylation array data. The 

analysis was performed using the conumee Bioconductor package version 1.0.0. Two 

sets of 50 control samples displaying a balanced copy-number profile from both male 

and female donors were used. Scoring of focal amplifications and deletions and 
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chromosomal gains and losses was performed by manual inspection of each profile, 

generally accepting aberrations for which |𝑙𝑜𝑔2(
𝑣𝑎𝑙𝑢𝑒

𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒
)| > 1, where the baseline is 

based on estimated ploidy.  

1.7 Subgroup classification 

To assign PDXs to subgroups, we included them with their primaries (as 

available) and reference samples in an average linkage hierarchical clustering, using 

(1 - the Pearson correlation coefficient) as the distance measure. Reference samples 

of primary tumors, assayed using the same array platforms and normalization, were 

taken from various previous publications as described in Sturm et al. (2016). The 

clustering was done separately for methylation and gene expression, and the results 

were compared. Features were selected by their variance: for methylation, we 

included all probes with a standard deviation greater than 0.3, and for expression we 

selected the 1,000 most variably expressed probes across the dataset that were 

expressed in at least one sample (>100 intensity). In addition to RMA normalization, 

centering and scaling of expression values for each gene was performed by 

subtraction of their mean and division by their standard deviation across the 

combined samples (PDXs, primaries, and reference samples).  

The two clusterings agreed on the subgroup identities, yielding 6 SHH, 10 G3, 

and 4 G4 PDXs. Overall, PDXs clustered closely with their primary tumors, consistent 

with the trend observed in previous studies (Zhao et al. 2012; Gao et al. 2015). The 

clusterings are shown in Figure 2. 
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Figure 2: Clustering of PDXs and primaries with reference samples by DNA 
methylation and gene expression. 
 

1.8 In vivo comparison to standard medulloblastoma 

drugs 

To provide context for the efficacy of candidate therapies identified in the 

screen, we compared their survival effect to that of three standard medulloblastoma 

drugs, cyclophosphamide, cisplatin, and vincristine, as monotherapies. 

Cyclophosphamide was dissolved in 10% DMSO in PBS, vincristine was dissolved in 

PBS, and cisplatin was dissolved in 5% DMSO in PBS. Two modes of drug 

administration were used: intraperitoneal (IP) and retro-orbital intravenous (IV). Pilot 

experiments demonstrated that the maximum tolerated weekly doses were 130 mg/kg 

for cyclophosphamide (IP), 4.5mg/kg for cisplatin (IP), 1mg/kg for vincristine (IP). To 
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assess effects of drugs on tumor growth, 12 days after transplantation, mice were 

randomly separated into groups of 8, one of which received vehicle (10% DMSO), 

and three others receiving the maximum tolerated weekly doses of 

cyclophosphamide, cisplatin, and vincristine. Animals were treated every 7 days until 

they displayed signs of morbidity or toxicity (>30% weight loss), whereupon they were 

euthanized. 
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Chapter 2: Methods 

2.1 Drug screen preprocessing and normalization 

I prepared a pipeline to preprocess and normalize the raw viability data. One 

common normalization in high-throughput drug screening is the percent-of-control 

(discussed in Malo et al. 2006):  

𝑃𝑂𝐶 =
𝑋

𝐶̅
× 100 

where 𝑋 is a matrix containing the plate values and 𝐶̅ is the mean value of negative 

control wells on the plate, in this case wells containing tissue but no drug. However, 

not all of our plates had control wells; in fact, they were included on only the final 

plate for each tumor-library pair, on which there was some leftover space. The 

remaining roughly five-sixths of plates had no control wells. A suitable substitute in 

the context of this drug screen is to replace 𝐶̅ with the median value of the plate. This 

is reasonable because in similar screens it has been observed that the vast majority 

of drugs show no significant deviation from the distribution of negative controls 

(Atkinson et al. 2011, Morfouace et al. 2014). 

My preprocessing pipeline, contained in Jupyter notebooks for reproducibility, 

also corrects errors that had been introduced in manual data processing and checks 

for edge effects and other spatial effects. These additional corrections, which affected 

only 2% of screen values, are described in Appendix A.1.
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2.2 Selection of thresholds of drug efficacy 

To derive a statistically-motivated threshold for classifying a drug as effective, 

I leveraged the fact that each PDX-drug value is the mean of measurements from 

three triplicates. A null distribution was created for each PDX by treating drugs as 

interchangeable, i.e. assuming they have no real effect, but that occasionally low 

values are drawn, and at some frequency three low values coincide to yield a low 

mean value. Ten million triplets, each value of which could come from any triplicate 

and drug, were drawn for each sample. The cumulative density of this distribution of 

means of random triplets, evaluated at an actual mean viability, represents the 

probability of a mean value at least as extreme being generated under the null. Thus, 

at a desired confidence level, drugs can be classified as effective in each PDX. We 

selected a threshold of 99.9% confidence. The approach is illustrated in Figure 3. 
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Figure 3: Normalized histograms of observed and random-triplet mean viabilities for a 
single PDX (RCMB40). 

 
A criterion was needed for designating drug as effective or ineffective in each 

subgroup. Requiring the same number of hits across subgroups would unduly favor 

larger subgroups, while requiring the same fraction of hits would unduly favor smaller 

subgroups. Instead I required that it be effective in enough samples to achieve a 

specified confidence that, in the limit, the frequency of efficacy in similar samples 

would exceed a given threshold. The required number of hits is 𝑘 = 𝐹−1(1 − 𝛼; 𝑛, 𝑝), 

where 𝐹(𝑘; 𝑛, 𝑝) = ∑ (
𝑛
𝑖

)
⌊𝑘⌋
𝑖=0 𝑝𝑖(1 − 𝑝)𝑛−𝑖 is the cumulative distribution of the binomial 



 

22 
 

distribution and 𝑛 is the number of tumors of the subgroup in question. We chose 𝛼 =

0.05, corresponding to 95% confidence, and 𝑝 = 0.5. This required efficacy in 8 of 10 

G3 tumors, 5 of 6 SHH tumors, and 4 of 4 G4 tumors. 

2.3 Information-theoretic pattern matching 

For several analyses, I matched features using the information coefficient, an 

information-theoretic measure of nonlinear correlation (Linfoot 1957, Joe 1989; also 

described in Liberzon et al. 2015). The information coefficient is based on mutual 

information (MI): 

𝑀𝐼(𝑥, 𝑦) = ∬ 𝑑𝑥 𝑑𝑦 𝑃(𝑥, 𝑦) 𝑙𝑜𝑔2 (
𝑃(𝑥, 𝑦)

𝑃(𝑥)𝑃(𝑦)
) 

The information coefficient scales the MI to between -1 and 1, assigning it the 

sign of the Pearson correlation 𝜌(𝑥, 𝑦): 

𝐼𝐶(𝑥, 𝑦)  =  𝑠𝑖𝑔𝑛(𝜌(𝑥, 𝑦))√1 − 𝑒−2𝑀𝐼(𝑥,𝑦) 

Unlike many standard statistical approaches, the information coefficient 

makes no assumptions of linearity or Gaussianity of the data distributions. It can 

detect complex non-linear relationships that standard methods are likely to miss, 

particularly with small sample sizes. This may be important given the complexity of 

cellular function, tens of thousands of genes, proteins, and metabolites, controlled by 

feedback loops and intricate regulatory mechanisms, interacting in ways that are 

often strongly conditional on multiple other factors of the cellular context.  
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2.4 Non-negative matrix factorization 

NMF models a non-negative matrix as the product of two matrices, which are 

constrained to be non-negative: 

𝑋 = 𝑊 × 𝐻 +  𝐸, 𝑋 ∈ ℜ+
𝑁×𝑀 , 𝑊 ∈ ℜ+

𝑁×𝐾 , 𝐻 ∈ ℜ+
𝐾×𝑀, 𝐸 ∈ ℜ𝑁×𝑀  

where 𝑋 is the matrix be modeled, of dimension 𝑁 × 𝑀, ℜ+denotes the non-negative 

real numbers, 𝐾 is the rank of the decomposition, and 𝐸 is a matrix of residuals. 

Choice of 𝐾 < 𝑚𝑖𝑛(𝑁, 𝑀) yields a low-rank approximation of 𝑋 that may 

capture important patterns in the data. This is similar to other dimensionality reduction 

methods such as PCA; however, the non-negativity constraint tends to make the 

additive components more interpretable. In our application, the meaning of the 𝐾 

components or latent variables, which are linear combinations in both sample and 

feature space, may be understood by analogy to another common application of 

NMF, modeling of document corpora. Here the NMF components represent topics 

(Xu et al. 2003); 𝑊 describes the extent to which each document contains each topic, 

and 𝐻 describes the extent to which each word belongs to each topic. By analogy, 

decomposition of drug response data could identify latent biological characteristics 

associated with vulnerability to latent classes of drugs. The identity of the latent 

variables can in some cases be inferred from the coefficients in the corresponding 

columns of the 𝑊 matrix and rows of the 𝐻 matrix, showing which tumors and drugs 

contribute to each pattern. Clues about the meaning of the latent variables can also 

be gleaned from correlations with auxiliary data, such as expression and mutation. 

We decomposed the response data for only a subset of drugs. The majority of 

drugs have little or no effect, so to increase the signal-to-noise ratio, only drugs 
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considered effective in at least one PDX were included in the clustering. This criterion 

selected 376 drugs (322 unique) for the decomposition. The input data for the 

decomposition were z-scores of mean viabilities relative to the per-tumor null 

distributions. That is, each mean viability was reduced by the null mean for the 

corresponding tumor, and divided by the corresponding null standard deviation. 

Values lower than zero, indicating increases in viability, were clipped to zero for 

compatibility with NMF. 

2.4.1 Bayesian formulation 

Finding an exact solution to NMF is known to be an NP-hard problem (Ding et 

al. 2005; Vavasis et al. 2009). However, multiple algorithms exist for finding useful 

approximate solutions. I implemented and used the Bayesian method of Schmidt et 

al. (2009). There were several reasons for selecting this approach over common 

alternatives.  

Due to the non-negativity constraint, the NMF problem is not convex, so 

approximate algorithms may arrive at different local optima. A Bayesian framework 

summarizes uncertainty in a principled way by averaging over the full posterior 

distribution of solutions. If multiple local optima exist, they are represented in 

proportion to their posterior probability.  

Even truly optimal NMF solutions are generally not unique (Xu et al. 2003). 

One solution may be a rotation or permutation of another, in which case the models 

are equivalent. In theory, a Bayesian approach is no less subject to rotation or 

permutation than other algorithms, but in practice Gibbs sampling chains tend to 

maintain the same orientation after convergence to a stationary distribution.  
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Also, given the small number of samples, a sensible prior may improve the 

quality of the decomposition. However, this advantage depends on the extent to 

which the prior assumptions are appropriate for the data to be modeled. A mis-

specified Bayesian model is likely to perform worse than simpler algorithms.  

In Schmidt et al.’s formulation, the basis and component matrices 𝑊 and 𝐻 

are modeled with exponential distributions, and the error is modeled as a zero-mean 

Gaussian, which leads to the following likelihood: 

𝑝(𝑋|𝜃) = ∏ 𝑁(𝑋𝑖𝑗; (𝑊𝐻)𝑖𝑗 , 𝜎2)𝑖,𝑗           

Where 𝑁(𝑋, 𝜇, 𝜎2) =
1

√2𝜋𝜎2
𝑒

−(𝑥−𝜇)2

2𝜎2  is the density of the normal distribution and 𝜃 =

𝑊, 𝐻, 𝜎2 are the parameters of the model.  

The priors for 𝑊 and 𝐻 are exponential:  

𝑝(𝑊) = ∏ 𝜀(𝑊𝑖,𝑛; 𝜔𝑖,𝑛)

𝑖,𝑛

,      𝑝(𝐻) = ∏ 𝜀(𝐻𝑛,𝑗; 𝜂𝑛,𝑗)

𝑛,𝑗

 

Where 𝜀(𝑥, 𝜆)  =  𝜆𝑒−𝜆𝑥 is the exponential density. 

The prior for the noise variance is an inverse gamma distribution.  

𝑝(𝜎2) = 𝐺−1(𝜎2, 𝑘, 𝜃) =
𝜃𝑘

𝛤(𝑘)
(𝜎2)−𝑘−1𝑒

(−
𝜃

𝜎2)
 

By Bayes’ rule, the posterior is proportional to the product of the likelihood and 

the priors. To marginalize over the posterior, we can sample from it using conditional 

probabilities. The conditional probability of 𝑊 and 𝐻 can be described by a truncated 

normal distribution, proportional to the product of a normal and an exponential: 

𝑝(𝑊𝑖,𝑛|𝑋, 𝑊\(𝑖,𝑛), 𝐻, 𝜎2) = 𝑇(𝑊𝑖,𝑛; 𝜇𝑊𝑖,𝑛
, 𝜎𝑊𝑖,𝑛

2 , 𝜔𝑖,𝑛) 

𝜇𝑊𝑖,𝑛
= (∑ 𝐻𝑛,𝑗

2

𝑗

)−1 ∑(𝑋𝑖,𝑗 − ∑ 𝑊𝑖,𝑛′𝐻𝑛′,𝑗

𝑛′≠𝑛

)𝐻𝑛,𝑗

𝑗

,     𝜎𝑊𝑖,𝑛

2 =
𝜎2

∑ 𝐻𝑛,𝑗
2

𝑗
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Here 𝑊\𝑖,𝑛denotes all the elements of 𝑊 not in 𝑊𝑖,𝑛. The equation for 𝐵𝑛,𝑗 can be 

derived by symmetry. The expression for the truncated normal is  

𝑇(𝑋; 𝜇, 𝜎2, 𝜆) = 𝜙(
𝑋 − 𝜈

𝜎
)(𝜎(1 − 𝛷(

−𝜈

𝜎
))−1,      𝜈 = 𝜇 − 𝜎2𝜆,     𝑋 ≥ 0 

Where 𝜙(𝑥)is the standard normal density and 𝛷(𝑥)is the standard normal 

cumulative density.  

The conditional density of the noise variance 𝜎2 is described by an inverse 

gamma distribution: 

𝑝(𝜎2|𝑋, 𝑊, 𝐻) = 𝐺−1(𝜎2; 𝑘𝜎2 , 𝜃𝜎2),     𝑘𝜎2 =
𝑁𝑀

2
+ 1 +  𝑘,     𝜃𝜎2 =

1

2
∑(𝑋 − 𝑊𝐻)𝑖,𝑗

2 +  𝜃

𝑖,𝑗

 

The model is fit by Gibbs sampling (Geman and Geman 1984), drawing a 

column at a time from 𝑊and 𝐻. I used the uninformative priors 𝑘 = 𝜃 = 0 for the 

noise, and selected priors for the exponential distributions to approximately match the 

scale of the data: 𝜔 = 1and 𝜂 =
𝐾

𝑁𝑀
∑ 𝑋𝑖,𝑗𝑖,𝑗 . 

2.4.2 Model rank selection 

One must choose the model order or rank, the number of latent variables of 

the NMF model, corresponding to the columns of 𝑊 and rows of 𝐻. A variety of 

methods have been proposed, including the silhouette score (Rousseeuw et al. 1987) 

and cophenetic correlation coefficient (Brunet et al. 2004). A natural metric for model 

selection is one advantage of Bayesian NMF: the marginal likelihood, which can be 

approximated by Chib’s method (Chib 1995). This requires a Gibbs sampling run for 

each of 2𝐾 parameter blocks (the columns of 𝑊 and rows of 𝐻). The Bayesian 

information criterion (BIC) (Schwarz 1978) can also be used for comparison.  

𝐵𝐼𝐶 =  𝑙𝑛(𝑁)𝐾 − 2𝑙𝑛(�̂�) 
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where 𝑁 is the number of samples, 𝐾 is the number of free parameters (in this case, 

the number of nonzero entries in 𝑊 and 𝐻), and �̂� is the log-likelihood of the fitted 

model. The marginal likelihood is expected to outperform the BIC in decompositions 

with a small number of samples, where the BIC tends to over-penalize model 

complexity (Schmidt et al. 2009). 

2.4.3 Interpretation of NMF components 

First, for each component, I ranked the drugs by their coefficients in the 

corresponding row of the 𝐻 matrix. These coefficients estimate each drug’s 

contribution to each component. Second, I compared the components to features 

from the genomic, transcriptomic, and methylation data. The features were ranked 

based on their similarity to the component profile, as measured by the information 

coefficient (IC). The two methods (𝐻 matrix and IC ranking) have different 

advantages. A drug highly ranked in the 𝐻 matrix may contribute to more than one 

component. By contrast, the IC matching favors features exclusive to a given 

component. IC matching can be applied to any feature available for the 20 samples, 

whereas the 𝐻 matrix contains only those drugs included in the decomposition. 

Features matched to the components included mutations, copy number 

aberrations, gene expression, and gene-level methylation, taken as the mean of 

probes annotated to a gene. In addition, I created aggregate features using gene sets 

from MSigDB (Subramanian et al. 2005, Liberzon et al. 2011). I counted the number 

of mutations in genes belonging to each set. I also computed expression and 

methylation of MSigDB gene sets by single-sample GSEA (Barbie et al. 2009) with 

𝛼 = 0.25. 
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2.5 Selection of clinically relevant drugs 

Our drug screen covered a wide variety of compounds. This can be 

advantageous for discovery of novel therapies, or for gaining insight into drug 

mechanism or cancer biology. However, since some of our analyses are intended as 

a proof of concept of realistic selection of therapy, we compiled a list of compounds 

that are currently clinically relevant. First, I assembled a list of drugs that might 

conceivably be prescribed for medulloblastoma. The list was assembled from the 

following sources: 

● The National Cancer Institute’s A to Z list of cancer drugs 

● CLUE's annotation of FDA-approved drugs in the hematology/oncology 

category (Corsello et al. 2017) 

● Centerwatch.com’s list of drugs approved since 1995 

● All clinical trials listed at clinicaltrials.gov under the category “Cancer and 

other neoplasms.” The HTML pages for the trials were retrieved and parsed 

programmatically to extract the names of the interventions used. 

● CTRP FDA-approved and experimental drugs (Seashore-Ludlow et al. 2015). 

We then manually curated the union of drugs from these sources create a final 

list. Some classes of drugs were excluded despite FDA approval. These include 

those whose role is not directly related to killing tumors, such as those prescribed to 

alleviate pain, nausea, or other side effects of cancer therapy; and drugs specific to 

tissue contexts not applicable for brain tumors, such as hormone-based therapies for 

breast cancer that involve proteins not expressed in the brain. 

Some drugs that could plausibly be prescribed cannot easily be tested in vitro, 

such as immunotherapies, protein-based drugs, and drugs that must be metabolized 
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in vivo to an active form. These were included as candidates that could be suggested 

by mutation or expression data, but not by drug screening. 

2.6 Drug suggestion from mutation 

Current approaches to targeted therapy generally involve sequencing patients’ 

tumors and predicting what drugs patients would respond to based on the 

“actionable” mutations that are found. To determine what drugs would be predicted 

based on mutational analysis, I drew on mutation-drug-outcome associations from 

three databases: PHIAL2 (Reardon et al. 2017), CIVIC (Griffith et al. 2017), and 

OncoKB (Chakravarty et al. 2017). I also added a few associations manually based 

on recent publications. 

2.7 Drug suggestion from expression: DiSCoVER 

Gene expression based predictors of drug response have been applied in 

specific settings, such as the 21-gene Oncotype DX test for predicting relapse and 

chemotherapy benefit in early-stage, node-negative, estrogen receptor–positive 

breast cancer (Paik et al. 2004). A more general approach is that of the Connectivity 

Map (Lamb et al. 2006), which can match the pattern of enrichment of a query set of 

genes, such as the top differentially expressed genes from a comparison of diseased 

and normal tissue, with a compendium of patterns of expression perturbation by small 

molecules. Drugs whose perturbation profile closely matches the enrichment profile 

may be effective against the disease. In the context of cancer, cell line compendia 

exist for which both expression and drug response are available, such as the Cancer 

Therapeutics Response Portal (CTRP) (Seashore-Ludlow et al. 2015), Genomics of 
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Drug Sensitivity in Cancer (GDSC) (Yang et al. 2012), and the Cancer Cell Line 

Encyclopedia (CCLE) (Barretina et al. 2012). These data are used by the DiSCoVER 

method (Hanaford et al. 2016) to predict drug sensitivity from transcriptome analysis. 

DiSCoVER involves three basic steps: 

1. For each sample from the dataset of interest, select 150 top upregulated 

genes by comparison to a control of choice. This gene set can be considered 

a disease signature expressing how the tumor differs from normal or 

progenitor tissue. 

2. Project this geneset onto expression data for the cell lines using single sample 

GSEA (Barbie et al. 2009), yielding a score describing how enriched the 

disease signature is in each cell line. For example, the signature of a MYC-

driven G3 tumor might be enriched in other MYC-driven cell lines, even those 

derived from other tissues. 

3. For each drug, compare its profile of response across the cell lines to the 

disease signature enrichment profile. This is done with information-theoretic 

pattern matching. Drugs whose response profiles most closely match the 

disease signature may be candidate treatments.  

In Hanaford et al. (2016), this approach identified CDK4/6 inhibitors as 

putative treatments for a mouse model of MYC-activated G3 tumors, and the efficacy 

of these drugs was validated in vivo. The DiSCoVER method is illustrated in Figure 4. 
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Figure 4: DiSCoVER method. (A) Workflow of DiSCoVER. (B) Disease profile and top 
10 correlated and anticorrelated drugs from CTRP for a single PDX (RCMB20). 
 

The control used in Hanaford et al. (2016) was cerebellar stem cell 

expression. This control was particularly appropriate because the tumors they studied 

were models of G3 created by transforming cerebellar stem cells. Hence, any 

difference from control expression could be attributed to the effects of transformation. 

When seeking to apply DiSCoVER to medulloblastoma more generally, the choice of 

control becomes an important and difficult consideration. Though the progenitor cells 

of the various subgroups are not known with certainty, each subgroup appears to 

have a different origin. Models of G3 tumors can be generated from cerebellar stem 

cells. However, they can also be created from GNPs, and the process of 

transformation into a G3 tumor seems to involve de-differentiation to a much more 

primitive state (Pei et al. 2012). SHH tumors are thought to descend from granule 

neuron precursors (GNPs) in the external granule layer of the developing cerebellum 

(Yang et al. 2008). WNT tumors are thought to come from progenitors in the dorsal 

brainstem, outside the cerebellum, and then give rise to tumors that impinge 

on/migrate into the cerebellum (Gibson et al. 2010). There is no recognized model of 
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G4 tumors; however, based on super-enhancer mapping, it is speculated that they 

come from a region called the nuclear transitory zone (NTZ), which expresses high 

levels of the transcription factors Eomes and Lhx2, two master regulators in human 

G4 tumors (Lin et al. 2016).  

One possible alternative to cerebellar stem cells is normal cerebellar tissue. 

However, since normal tissue is generally post-mitotic, and the tumor is proliferative, 

the comparison may be dominated by genes involved in the cell cycle, rather than the 

specific cancer pathways whose dysregulation enables proliferation. This may cause 

DiSCoVER to suggest drugs broadly effective on proliferating cells, rather than drugs 

that target the tumors’ oncogenic pathways. Cerebellar stem cells are at least 

naturally proliferative cells, and so using them as controls suppresses much of the 

generic proliferative signature.  

Other possibilities exist, such as a one-vs-all approach excluding from 

comparison other tumors within a certain similarity distance from the tumor in 

question. Unfortunately, the performance of some of these options is difficult to 

quantify, since comparable controls are not available for other samples, such as 

those in the cell line compendia, that might be used for cross-validation. Given the 

difficulty of comparison, the fact that the cerebellar stem cell control yielded validated 

results in its original context, and that half of our PDXs are G3 tumors for which 

cerebellar stems are plausible progenitors, we considered the cerebellar stem cell the 

safest option for this study. However, in the future it will be important to more 

thoroughly investigate and benchmark different methods for defining a disease 

signature.
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Chapter 3: Results 

3.1 Identification and analysis of effective drugs 

Based on the selected thresholds of efficacy, I examined the drugs effective in 

each sample and subgroup, as summarized in Figure 5. 

 

Figure 5: Drugs effective in each PDX and subgroup. (A) Schematic of experimental 
workflow. (B) Number of unique drugs considered effective in each PDX. (C) Venn 
diagram of drugs effective in each subgroup. (D) Fraction of subgroup-effective drugs 
belonging to each represented drug class.
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The number of unique drugs effective in a sample ranged from 24 to 160. In 

general, fewer drugs were effective on G4 tumors, an intermediate number were 

effective in SHH, and more were effective in G3 (Figure 5A). Differences in inherent 

broad susceptibility to drugs should, in theory, be adjusted for by comparison to a 

per-PDX random-triplicate null distribution (explained in section 2.2), implying that 

differences in the number of hits for individual G4 PDXs vs individual G3 PDXs may 

reflect the choice of drug classes represented in the screen.  

Examination of drug classes shows several salient differences between 

subgroups. DNA/RNA synthesis inhibitors, which are effective in G3/G4, are not 

effective in SHH. Also, cardiac glycosides and ion regulators, effective in G3 and 

SHH, are not effective in G4 (Figure 5D). The full list of drugs effective in each 

subgroup is in Appendix A.3. 

3.2 In vivo validation of drugs effective in Group 3 PDXs 

Of the three represented subgroups, G3 is perhaps of highest priority for 

study, since it is associated with poor prognosis. Our drug screen pointed to a set of 

drugs that are effective against G3. To determine if any of these drugs might be 

useful for treatment of MB patients, we screened PDXs and hepatic stem cells 

(HepaRG) for response to 20 of these compounds at 8 concentrations and fit dose 

response curves. We found that several compounds had a lower IC50 in the G3 PDX 

line than in HepaRG, suggesting a potential therapeutic window for in vivo therapy 

(Figure 6).  
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Figure 6: Comparison of dose-response curves on PDXs and HepaRG for G3 
candidate drugs. 
 

We tested these on G3 tumor bearing mice. Actinomycin D extended survival 

to the greatest extent. Bortezomib slightly increased survival (Figure 7). 
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Figure 7: Survival curves of tumor-bearing mice for each candidate G3 drug. 

We compared the survival effect of actinomycin D to the current standard-of-

care chemotherapies cyclophosphamide, cisplatin, and vincristine. The effect of 

actinomycin D on survival was assayed as described in section 1.8, with the following 

differences: it was dissolved in 5% DMSO in PBS and administered by retro-orbital 

intravenous injection at its maximum tolerated weekly dose of .3mg/kg. 
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Figure 8: Comparison of survival curves for actinomycin D, vincristine, cisplatin, and 
cyclophosphamide on three G3 PDX lines. 
 

In all three lines, cyclophosphamide was the most effective drug, and 

actinomycin D was more effective than one or both of the other drugs, cisplatin and 

vincristine (Figure 8). This suggests that its efficacy as a single agent is on par with 

that of other standard medulloblastoma drugs 

3.3 Decomposition of drug response data 

Subgroup identity, usually determined by gene expression or methylation, is 

possibly the single best summary of salient differences between medulloblastomas, 

encapsulating cell lineage and mode of oncogenesis. Thus, subgroup identity is likely 

to be at least partly recapitulated in drug response patterns. However, some patterns 
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of drug response may reflect biological factors that do not simply coincide with 

subgroup. To examine patterns of drug response in a data-driven, subgroup-agnostic 

way, I performed non-negative matrix factorization (NMF) of the drug response data.  

3.3.1 Suitability of prior assumptions  

The advantages of Bayesian NMF depend on whether the prior assumptions 

are sensible for the data being modeled. Fortunately, comparison of the observed 

data’s distribution to the distribution posited by the fitted model confirms a reasonable 

fit (Figure 9). 

 

Figure 9: Comparison of observed distribution of NMF input data and distribution 
assumed by Bayesian NMF model priors. 
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3.3.2 Selection of model rank 

I fit models for 𝐾 = 2 to 𝐾 = 10. To fit each model, I drew 5 million Gibbs 

samples and discarded the first 1 million as burn-in. One major challenge presented 

by this data is the small sample size. The BIC, known to fail in such cases, favored 

𝐾 = 2 components, the simplest model tested. The full marginal likelihood as 

calculated by Chib’s method indicated that 𝐾 = 3 was the number of components 

best supported by the data (Figure 10). 

Figure 10: Model rank selection for NMF decomposition of drug screen data. 

Other interpretable components can be found at larger 𝐾: for example, 

microtubule disruptors and topoisomerase inhibitors split to form their own individual 

components at 𝐾 = 5, and CDK inhibitors are found at 𝐾 = 7. This suggests 

additional information could be obtained in future drug screens with more samples. 
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3.3.3 Interpretation of components 

To gain insight into the biological underpinnings of the differences in 

response, I analyzed the components by ranking drugs by their coefficients in the 𝐻 

matrix, and by information-theoretic pattern matching of genomic, transcriptomic, and 

methylation features to the components in the 𝑊 matrix. The components and 

selected matching features are shown in Figure 11. 
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Figure 11: NMF components of drug response data, shown with representative drug 
profiles and selected matching mutation and expression features. For drugs, higher 
values indicate greater reduction in viability. (A) Components and hierarchical 
clustering of PDXs by component scores. (B) Features matching component 1. (C) 
Features matching component 2. (D) Features matching component 3. 
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3.3.3.1 Component 1 

This component is highest in three p53-mutant SHH PDXs, but has high-to-

intermediate values across other G3 and SHH PDXs, and is mostly low in G4 (Figure 

11A). The highest coefficients in the row of the 𝐻 matrix for component 1 were 

overwhelmingly enriched for cardiac glycosides. Cardiac glycosides are inhibitors of 

the Na+/K+ ATPase, which extrudes 3 Na+ and takes in 2 K+, using one molecule of 

ATP in the process. Inhibition of this pump leads to an increase in intracellular Na+ 

and indirectly Ca2+, and a decrease in intracellular K+. Altered expression of specific 

subunits of the Na+/K+ transporter has been proposed as an oncogenic mechanism 

in SHH medulloblastoma (Lee et al. 2015). 

The four p53-mutant PDXs are among the highest in C1 (Figure 11B). Links 

between cardiac glycoside function and p53 signaling have been observed (e.g. 

Wang et al. 2009), as well as with other signaling pathways (e.g. Kometiani et al. 

2005).  

Some of the other drugs with highest contribution to C1 can also perturb ion 

transport and, like cardiac glycosides, cause higher extracellular K+ concentrations. 

These drugs include ion regulators such as chlorothiazide, a diuretic that activates a 

Ca2+-activated K1 channel, causing loss of K+ from the cell; and nigericin and 

lasalocid sodium, H+/K+ antiporters that uptake H+ into the cell and release K+ to the 

exterior.  

C1 also has a strong negative correlation with expression of the KCNA1 gene 

(IC = -0.77), a voltage-gated potassium channel that may be capable of equalizing 

potassium gradients caused by cardiac glycosides (Figure 11B). KCNA1 is 

considered a marker for G4 tumors (Northcott et al. 2010, Remke et al. 2011a, 
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Remke et al. 2011b), where C1 is lowest (Figure 11B). Potassium channels have 

been implicated in multiple cancers (as reviewed in Huang and Jan 2014). Additional 

data are required to determine whether regulation of potassium ion transport is a 

determinant of cardiac glycoside response in medulloblastoma. 

The expression feature that most closely matches C1 is activation of the gene 

set LIAO_METASTASIS (Figure 11B). This gene set, from Liao et al. (2008), contains 

genes upregulated in intrahepatic hepatocellular carcinoma (HCC) metastases 

relative to primary HCC. The authors determined that one of these genes, the 

transcription factor SOX4, potentiates intrahepatic metastasis. SOX4 is absent in 

most tissues, including adult normal livers (Hunt and Clarke, 1999), and 

overexpression of SOX4 has been associated with several cancers (Aaboe et al. 

2006; Liu et al. 2006; Pramoonjago et al. 2006). SOX4 is coexpressed with SOX11 in 

several areas of the brain and spinal cord during early development. The relative 

timing of expression of SOX11 and SOX4 is unique in the external granular layer, and 

appears to play a role in terminal differentiation of granule cells (Cheung et al. 2000). 

Cells from the external granule layer, specifically granule neuron precursors, are 

thought to give rise to SHH medulloblastomas and possibly G3 tumors. PDXs of the 

SHH and G3 subgroups exhibit higher values for C1 than PDXs of the G4 subgroup 

(Figure 11A). Upregulation of SOX4 and SOX11 in medulloblastomas relative to 

normal cerebellum has been observed previously (Lee et al. 2002, de Bont et al. 

2008), but not analyzed with respect to the consensus subgroups. Further study is 

needed to clarify the role of SOX4/SOX11 signaling in medulloblastoma subgroups 

and its relationship to other processes implicated in C1. 
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3.3.3.2 Component 2 

This component is associated with G3 tumors (Figure 11A). The highest 

coefficients in the row of the 𝐻 matrix for component 2 were overwhelmingly enriched 

for DNA/RNA synthesis inhibitors such as intercalators and topoisomerase inhibitors. 

MYC amplification is the single most correlated genomic alteration. KBTBD4, a cullin-

ring ubiquitin-ligase adaptor (Canning et al. 2013), is mutated in tumors high in C2, 

and is mutually exclusive with MYC amplification (Figure 11C), in line with previous 

observations (Northcott et al. 2017). A number of gene sets correlated with C2 

involve the electron transport chain, TCA cycle, and related processes. This may 

reflect metabolic changes caused by MYC overexpression, such as the tendency of 

MYC-driven tumors to use glutamine—which, unlike glucose, can participate in the 

TCA cycle (DeBerardinis et al. 2010, Gouw et al. 2016)—as a source of energy and 

metabolites.  

3.3.3.3 Component 3 

This component is highest in a mixed group of PDXs containing the 4 G4 

PDXs and three others (Figure 11A). Whereas two of the three components clearly 

correspond to a particular class of drugs, the compounds associated with component 

3 do not appear to form a coherent class. One possible commonality is that many of 

them cause or exacerbate endoplasmic reticulum (ER) stress and affect related 

processes such as autophagy, metabolism, and ROS production. High-ranking C3 

drugs reported to cause ER stress include proteasome inhibitors such as MG132 and 

bortezomib (e.g. Nawrocki et al. 2005); metal-containing compounds such as 

phenylmercuric acetate and thimerosal (Choi et al. 2016, Usuki et al. 2013) and 
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auranofin (Rao et al. 2011, Fiskus et al. 2014, Zou et al. 2015); brefeldin A and 

thapsigargin, commonly used to induce ER stress in experimental settings (e.g. 

Vachirayonsti et al. 2015, Usuki et al. 2013); sennoside B (de Witte 1993, Lin et al. 

2007, Hsia et al. 2009); HDAC inhibitors such as oxamflatin and TSA (Rodriguez-

Gonzalez et al. 2008, Chen et al. 2017); and celastrol (Kausar et al. 2010, Feng et al. 

2013), whose effect on ER stress may be through proteasome inhibition (Yoon et al. 

2014). However, many drugs cause ER stress directly or indirectly, and several of the 

aforementioned C3-associated drugs have multiple mechanisms of action, so it is 

possible that this apparent common thread is coincidence. 

The strongest correlation with C3 is methylation of RRS1 (IC=0.87), a gene 

required for ribosome biogenesis (Tsuno et al. 2000) (Figure 11D). Also associated 

with ribosome biogenesis are two of the most strongly anti-correlated features, the 

expression of GAR1 (IC=-.86) and dyskerin (DKC1, IC=-.75) (Figure 11D). Both are 

involved in modification of ribosomal RNA, specifically in conversion of uridine to 

pseudouridine. Mutation or suppression of DKC1 has specific effects on ribosome 

biogenesis that lead to reduced translation of a set of genes with internal ribosomal 

entry sites. The affected genes can include such tumor suppressors as Bcl-xL, XIAP, 

and p27 (Yoon et al. 2006), as well as p53 (Bellodi et al. 2010, Montanaro et al. 

2010). Given the function and location of ribosomes, altered ribosome biogenesis 

could relate to the putative pattern of sensitivity to ER stress induction. 

Other correlations with C3 suggest alterations in epigenetic regulation. Strong 

correlations include expression of ARID4A (IC=0.82) and ANKRD12 (IC=0.72), both 

involved in recruiting HDACs, and Gene Ontology (Ashburner et al. 2000, Gene 

Ontology Consortium 2017) pathways of genetic imprinting (IC=0.82) and H3K9 
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modification (IC=0.80) (Figure 11D); dysregulation of both processes has been 

observed in medulloblastoma (Albrecht et al. 1996; Northcott et al. 2009). Strong 

anticorrelations include the sets of genes downregulated by the HDAC inhibitor TSA, 

alone and in conjunction with the hypomethylating agent decitabine (IC=-0.87) (Figure 

11D). Also, KDM6A, a histone lysine demethylase, is mutated in one of the samples 

with highest C3. And while epigenetic regulators are represented in the drugs 

effective in each of the subgroups (Figure 5D), they are enriched among the drugs 

effective in G4 (hypergeometric p-value=0.04), the predominant subgroup in C3 

(Figure 11A). 

In summary, this decomposition identifies salient patterns that, while 

correlated with subgroup, cannot be explained by subgroup alone. It also provides 

clues to the mechanisms underlying response to the corresponding drug classes. Full 

understanding of these patterns will require further investigation. The picture may 

become clearer in future drug screens including more samples, perhaps with full dose 

response curves for a smaller set of drugs identified by this screen as being of 

potential interest, similar to the two-stage design of Atkinson et al. (2011). 

3.4 Drugs suggested by mutation 

At least one potentially actionable lesion was found in 17 of 20 PDXs. These 

lesions and associated drugs are summarized in Figure 12. 
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Figure 12: Putative actionable mutations and amplifications in PDXs, with 
corresponding drugs. 
 

Not all mutation-drug associations merit equal confidence. For example, some 

have been observed in other cancer types, or in preclinical models. And while 

mutations can be useful, only a small minority of lesions have a confident association 

with sensitivity to a drug, and actionable mutations are particularly scarce in pediatric 

cancers such as medulloblastoma that may have less than a tenth as many 

alterations as adult-onset cancers (Lawrence et al. 2013).  

3.5 Drugs suggested by gene expression 

I generated drug suggestions from PDX expression data using the DiSCoVER 

method. The results are summarized in Figure 13. 
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Figure 13: Top 5 drugs (marked in black) suggested by DiSCoVER for each PDX. 
 

Figure 13 shows that drug rankings from DiSCoVER are similar between the 

PDXs, even those of different subgroups with different driver lesions. This may 

indicate that the choice of cerebellar stem cell control captures broader 

characteristics of medulloblastoma rather than specific oncogenic processes. Still, the 

drugs identified by DiSCoVER using this comparison are highly plausible, including 

many drug classes known to be effective in one or more subgroups, such as HDAC 

inhibitors, Aurora kinase inhibitors, and CDK4/6 inhibitors. 

3.6 Combined drug suggestions 

Each of the approaches we have used—based on genomic, transcriptomic, 

and drug screening data—has strengths and limitations, and can provide distinct 
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information about the drugs that can be used for therapy. Ideally, all three modalities 

could be used in combination to inform treatment, giving higher confidence to 

treatments for which the methods agree. To illustrate how this could be applied 

clinically, I examined the top suggestions from the three modalities for each of the 20 

PDX lines as if they were a patient awaiting a treatment plan, and highlighted several 

illustrative cases (Table 3). 

Table 3: Examples of combined drug suggestions from mutation, expression, and 
drug screening. 
 

 

 

Case 1: mutation alone is sufficient 

The SHH PDX RCMB32 has a mutation in PTCH1. Mutations in PTCH1 are 

associated with response to SMO inhibitors such as vismodegib. This association 

ranks in the highest iCat confidence tier (Harris et al. 2016). Thus, although 

vismodegib was not tested in the screen and scored poorly by gene expression, there 

is sufficient confidence to recommend it as a therapy. 

Case 2: mutation agrees with other modalities 

In some cases, drugs suggested by associations with somatic events also 

scored well according to expression and the drug screen. Thus, the limited 
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confidence of the mutation-drug association is reinforced by the other modalities. 

Three examples are vorinostat in ICB1572, a CREBBP mutant G3; BYL719 in 

MB009, a PIK3CA mutant G3; and alisertib in RCMB40, and MYC-amplified G3. 

Case 3: no actionable mutation 

In some cases, none of the somatic events will have a reasonable association 

with sensitivity to a drug. This is the case for MED2312 (G4) and ICB1299 (G3). In 

the absence of actionable mutations, the most confident recommendations are drugs 

for which the screen and expression agree. Both teniposide and foretinib scored well 

in both modalities for MED2312, and for ICB1299, both tivantinib and teniposide 

scored well. Although screening does not perfectly recapitulate the tumor 

environment, it can complement and in some cases obviate genomic approaches, 

enabling precision medicine even when biological understanding of the relationship 

between phenotype and cancer genotype is incomplete (Friedman et al. 2015). And 

therapy suggestion from expression, though in its infancy, has the potential to more 

adequately capture underlying oncogenic states that can be reached by any of 

several combinations of lesions (Kim et al. 2017). 

In some other cases, the predictions of the three modalities disagree. There 

are multiple possible reasons for this. For example, many of the mutation-drug 

associations come from other disease contexts; the screen, as mentioned before, 

was performed at a single concentration that may not be a therapeutic dose for some 

drugs; and DiSCoVER is applied here in a way different from its original context. 

However, given that each method suggests as effective only a small percentage of 
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drugs, a chance agreement is much less likely than a chance disagreement. 

Agreement boosts our confidence in a prediction. 

In summary, no single form of tumor characterization could be relied upon 

across all PDXs. Using all three methods provided better coverage for personalized 

treatment predictions. 
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Conclusion 

 This study used realistic preclinical models and integrated analysis of 

functional and genomic data to bring targeted therapy for medulloblastoma a step 

closer. It identified drugs and classes of drugs that are effective in each of the three 

most common subgroups. It provided in vivo validation of one of these drugs, 

actinomycin D, which may be a valid alternative for inclusion in therapy regimens for 

G3 patients. In addition, subgroup-agnostic decomposition of drug screening data 

provided insight into biological processes that may be important determinants of 

response to some of the most effective drug classes. This study also provided a proof 

of concept demonstrating the complementarity of genomic, transcriptomic, and 

functional data for suggesting targeted therapies. 

While many of these analyses are preliminary in nature and will require further 

study, for others there is potential for immediate clinical impact. Our integrated 

approach to personalized medicine for medulloblastoma has already begun to be 

translated to patient care. The pediatric neuro-oncology tumor board at Rady 

Children’s hospital invited us to provide RNAseq-based analysis for patient samples, 

including subgroup classification and drug suggestion via DiSCoVER. Since August 

2017, I have analyzed the tumors of three medulloblastoma patients, along with other 

pediatric brain tumors. Mutations, copy number alterations, and structural variants are 

also analyzed, along with histology. Methylation and in vitro drug screening will soon 

be added. As such collaborations are informed by and provide tissue and data for 

realistic preclinical research, the once-distant prospect of targeted medulloblastoma 

therapy will soon become a reality. 
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Appendix A: Supplementary material 

A.1 Correction of spatial effects in drug screen 

To adjust for artefacts of the spatial organization of the 384-well plates, I first 

considered edge effects, a spatial effect that has been observed extensively in similar 

experiments (as discussed in Lundholt et al. 2003). I then searched for spatial effects 

more generally. 

Edge effects occur because wells closer to the periphery are more exposed to 

surrounding conditions than interior wells, resulting in differences in temperature or 

humidity. This can affect luminescence in peripheral cells. Knowing this, our 

collaborators left the two outermost rows and columns empty (water only, no tissue or 

drug). However, we considered it possible that temperature and humidity gradients 

might persist beyond this border and cause some residual edge effect that could be 

adjusted for.  

To test this, we ran 2 sets of 3 plates for which tissue was suspended without 

drug. The two sets covered different tissue concentrations (0.5 million cells and 2.5 

million cells). I fit a multivariate regression model of viability (percent of median) with 

distances-from-edges as explanatory variables. I did the same for the drug response 

data. The control plates showed a small but significant trend of higher luminescence 

around the edges than in the middle (coefficient of distance to nearest edge = -1.71, 

𝑝 = 0.002). The effect appeared even smaller in the drug response data (coefficient of 

distance to nearest edge = -0.1762, 𝑝 = 0.001). Per-plate regression indicated that,
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 rather than a small but consistent global trend, there was considerable variation 

between plates, with a mean distance effect near zero (-0.26) and a small minority of 

plates showing significant positive or negative distance effects (4.2% and 4.3% of 

plates, respectively), as shown in Figure 14. 

 

Figure 14: Distribution of estimated edge effects in source plates. 

In this case, it could be worse to apply a broad correction for an inconsistent 

spatial effect, introducing bias in the majority of unaffected plates, than to not correct 

at all (Dragiev et al. 2011). Instead, I turned my attention to identifying individual 

plates with detectable spatial effects. 

Though edge effects were the main spatial effect of interest, and the only one 

we considered likely to occur broadly across many plates, other spatial artefacts 

could affect specific plates. These could be caused by human error or by problems 

with equipment, reagents, or tissue samples. I took the following approach to 
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searching plate-by-plate for spatial effects. After normalizing each plate by its median, 

I considered each triplets of plates, the three triplicates of the same 

tumor/library/plate. For each well, I took the mean of the three triplicate values. Then, 

for each of the three plates, I took its difference, well-by-well, from the mean, and 

considered the magnitude and spatial distribution of these differences. Even good 

plates would differ from the mean, but one might expect that their differences from the 

mean would be close to random in their spatial distribution. Plates whose differences 

from the mean were instead spatially coherent were likely to have experienced some 

aberration in the plating process. 

One simple measure for spatial incoherence is the mean absolute difference 

between each well and its neighbors. Considering a matrix 𝑋 of luminescence 

differences from the triplicate mean of a plate, with 𝑁 rows and 𝑀 columns that 

contain both drug and tissue, we can define the following metric: 

 𝑆𝐼(𝑋)  =  
1

3(𝑛−1)(𝑚−1)
∑ ∑ |𝑋𝑖,𝑗 − 𝑋𝑖+1,𝑗| + |𝑋𝑖,𝑗 − 𝑋𝑖,𝑗+1| + |𝑋𝑖,𝑗 − 𝑋𝑖+1,𝑗+1|𝑚−1

𝑗=1
𝑛−1
𝑖=1  

This will be higher for plates with a near-random layout, and lower for plates 

with a spatial pattern. The spatial incoherence value can be normalized, and its 

significance quantified, by comparison to a null distribution generated by spatially 

shuffling the values of the plate and re-computing the incoherence metric. Figure 15 

shows representative examples of plates with significant spatial effects as identified 

by this metric. 
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Figure 15: Examples of observed spatial effects. (A) Plate loader refilling. (B) Edge 
effect. (C) Unknown cause. 
 

As shown in Figure 15, for some plates with spatial effects, straightforward 

explanations could be found, while for others the cause is unclear. Only a small 

subset of plates with spatial effects had a feasible method of correction. In cases 

such as Figure 15A, the two regions of the plate were sufficiently large to be 

normalized separately by their respective medians. Three plates were corrected this 

way. For four plates in which isolated columns were affected, the values of those 

columns were discarded, making the final viability value a mean of duplicates rather 

than triplicates.  

A.2 Known medulloblastoma and G3 drugs 

The drug screen included four versions, from different libraries or vendors, of 

each of the three chemotherapeutic agents used in standard medulloblastoma 

treatment: vincristine, cisplatin, and cyclophosphamide.  
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Figure 16: Efficacy in screen of standard medulloblastoma drugs, relative to 
distribution of all drugs’ efficacies. 
 

Vincristine showed considerable efficacy, with viability reduction in the 97th 

percentile on average. Cisplatin was barely above average, in the 56th percentile, 

and cyclophosphamide in the 49th (Figure 16). The discrepancy between in vitro and 

in vivo results for cyclophosphamide may be partly explained by the fact that 

cyclophosphamide must be metabolized in the liver into its active metabolite, 4-

hydroxycyclophosphamide. This is an example of a clinically useful drug for which in-

vitro screening may not be possible. 

Since G3 is the subgroup most represented among our PDXs, I inspected 

classes of drugs that have demonstrated efficacy in G3, such as HDAC inhibitors and 

PI3K inhibitors (Pei et al. 2016) and CDK inhibitors (Hanaford et al. 2016).  
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Figure 17: Efficacy in screen of drugs known to be effective in G3, relative to 
distribution of all drugs’ efficacies. 
 

All three classes achieved a high reduction in viability in G3-derived PDXs 

relative to all other drugs, scoring in the 99th, 98th, and 97th percentiles, respectively 

(Figure 17).  

Pemetrexed and gemcitabine are considered a promising combination therapy 

for G3 medulloblastoma (Morfouace et al. 2014). The median viability reduction by 

pemetrexed alone in G3 scored in the 35th percentile relative to other drugs (Figure 

17). Gemcitabine was not included in the screen. 
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A.3 Drugs effective in subgroups 

Table 4: Drugs effective in subgroups, by class. Black = effective. 

Drug class Drug name G3 SHH G4 

DNA/RNA synthesis inhibitors 

10-hydroxycamptothecin 1 0 0 

doxorubicin 1 0 0 

daunorubicin 1 0 1 

topotecan 1 0 0 

amsacrine 1 0 0 

idarubicin 1 0 1 

mitoxantrone 1 0 1 

actinomycin d 1 0 0 

teniposide 1 0 0 

epirubicin 1 0 0 

anti-infectives 

phenylmercuric acetate 1 1 1 

brilliant green 1 1 1 

gentian violet 1 1 0 

thimerosal 1 0 1 

auranofin 1 0 1 

cardiac glycosides 

neriifolin 1 1 0 

dihydroouabain 1 0 0 

proscillaridin a 1 1 0 

digitoxin 1 1 0 

peruvoside 1 1 0 

digitoxigenin acetate 1 1 0 
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Table 4: Drugs effective in subgroups, by class, continued. 

cardiac glycosides 

sarmentogenin 1 0 0 

ouabain 1 1 0 

strophanthidin acetate 1 1 0 

strophantidin 1 1 0 

strophanthidinic acid lactone acetate 1 1 0 

convallatoxin 1 1 0 

lanatoside c 1 1 0 

digoxin 1 1 0 

cymarin 1 1 0 

k-strophanthin beta 1 1 0 

digoxigenin 1 1 0 

digitoxigenin 1 0 0 

periplocymarin 1 1 0 

oleandrin 1 1 0 

gitoxigenin diacetate 1 0 0 

epigenetic regulators 

ac-93253 iodide 1 1 1 

oxamflatin 1 1 1 

trichostatin a 1 1 1 

bml-281 1 1 0 

vorinostat 1 0 0 

scriptaid 1 1 0 

nsc-3852 1 0 1 

m-344, hdac inhibitor iii 1 1 1 
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Table 4: Drugs effective in subgroups, by class, continued. 

ion regulators 

salinomycin 1 1 0 

chlorothiazide 1 1 0 

nigericin sodium salt 1 1 0 

valinomycin 0 1 0 

monensin sodium salt 0 1 0 

kinase inhibitors 

pf-04691502 1 0 0 

pha-848125 1 0 0 

dinaciclib 0 1 0 

nvp-bgt226 1 1 1 

hesperadin 0 1 0 

tak-901 1 0 0 

a-674563 1 1 0 

torin 2 1 0 0 

akt inhibitor iv 0 1 0 

pdk1/akt/flt dual pathway inhibitor 0 0 1 

gsk2126458 1 1 0 

microtubule regulators vincristine 1 0 0 

natural products 

bergapten 0 0 1 

celastrol 1 1 1 

thapsigargin 1 1 1 

Other 
adhesamine 1 1 1 

tunicamycin 0 1 0 

phosphatase inhibitors okadaic acid 1 1 1 
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Table 4: Drugs effective in subgroups, by class, continued. 

proteostasis regulators 

mg132 1 1 1 

emetine dihydrochloride hydrate 1 1 0 

brefeldin a 1 1 1 

gambogic acid 1 1 0 

puromycin 0 1 0 

dihydrogambogic acid 1 0 0 

homoharringtonine 0 1 0 

bortezomib 1 1 1 

anisomycin 1 1 0 

 

A.4 Prediction of blood-brain barrier permeability 

In the context of brain tumors, one potentially vital characteristic of 

chemotherapeutics is their ability to permeate the blood-brain barrier (BBB), a layer of 

endothelial cells surrounding capillaries in the brain which regulates diffusion and 

transport of molecules between the blood and the extracellular fluid of the central 

nervous system. If unable to pass this selective barrier, drugs that are effective in 

vitro will fail clinically. In fact, drugs intended to treat central nervous system 

conditions have the highest failure rates during Phase 2 and 3 of any therapeutic area 

(Kaitin and Milne 2011). 

 Because of the importance of BBB permeability for drug activity in the brain, 

and because testing it experimentally is difficult and resource-intensive (as discussed 

in Goodwin and Clark 2005), in silico methods have been developed to attempt to 

predict permeability based on molecular attributes. One relatively widely-used in silico 
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method is the publicly-available tool admetSAR (Cheng et al. 2012), whose 

predictions are used by DrugBank (Wishart et al. 2006). The tool predicts BBB 

permeability from structural features generated from a compound’s SMILES string. 

However, applying this tool to the compounds in the screen highlights some of the 

difficulties of BBB-permeability prediction. AdmetSAR calls 82% of drugs in the 

screen BBB-permeable, despite the estimate that fewer than 5% of drugs are BBB-

permeable (Pardridge et al. 2007). On further inspection, this is likely to be due in part 

to a lack of adjustment for class imbalance when training admetSAR’s support vector 

machine classifier: their training set, from Adenot et al. 2004, includes 1438 BBB+ 

and 401 BBB- compounds, a proportion wildly different from that of drugs at large. 

One simple strategy to adjust admetSAR’s output probabilities is through Bayes’ 

theorem: 

𝑝(𝐵𝐵𝐵|𝑝𝑟𝑜𝑏)  =  
𝑝(𝑝𝑟𝑜𝑏|𝐵𝐵𝐵)𝑝(𝐵𝐵𝐵)

𝑝(𝑝𝑟𝑜𝑏)
 

where prob is the admetSAR probability. The prior 𝑝(𝐵𝐵𝐵) = 0.05 can be taken from 

the general literature consensus. The conditional probability 𝑝(𝑝𝑟𝑜𝑏|𝐵𝐵𝐵) can be 

obtained using the probabilities that admetSAR assigns to the compounds labeled as 

BBB-permeable in its training set: a smooth density function can be fit to these values 

using Gaussian kernel density estimation, and the density of any query probability 

can be estimated. I choose an uninformative uniform prior 𝑝(𝑝𝑟𝑜𝑏) = 1. Using this 

correction, 37% of the drugs in the screen achieve 𝑝 > 0.5. Of the drugs effective in at 

least one tumor, some of those with the highest posterior probability are known BBB-

permeable drugs such as vorinostat (Palmieri et al. 2009), and some drugs known to 

not be BBB-permeable have the lowest posterior probabilities, such as etoposide 

(Needle et al. 1997). 
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Correcting BBB-permeability prediction using a Bayesian framework is not 

novel: for example, B3PP (Martins et al. 2012) implement a similar approach, using 

the same training data and a prior that depends on the molecular weight of the 

molecular. However, their public tool is not functional, and is limited to molecules 

under a certain weight. 

Aside from class imbalance and the inaccessibility of published methods that 

correct for it, other issues remain. The contribution of BBB to chemotherapeutic 

response is more complex than can be captured by a simple prediction of 

permeability. For example, both experimental literature (Tattersall et al. 1975) and 

prediction tools indicate that actinomycin D is unlikely to permeate the BBB. However, 

results in xenografted mice confirm its efficacy in vivo. It is possible that the BBB is 

compromised in brain tumors to varying degrees, and medications may leak across it. 

However, it is also possible that the prediction tools and the scarce literature on 

actinomycin D BBB permeability are wrong. 

In summary, BBB predictions based on the training dataset from Adenot et al. 

2004 can be improved by correction for class imbalance, and may be informative. 

However, when direct data on efficacy are available, they take precedence over BBB 

permeability predictions with their caveats. We concluded that we did not have 

sufficient confidence in in silico BBB permeability predictions to use them to prioritize 

drugs in this study, but hope to be able to incorporate them in the future.
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Appendix B: Clinical relevance of conserved 

synthetic lethal interactions 

I performed analyses that were included in Srivas et al. (2016), “A network of 

conserved synthetic lethal interactions for exploration of precision cancer therapy.” 

My role in this study centered on gauging the clinical relevance of synthetic lethal 

interactions conserved between humans and yeast. 

An emerging therapeutic strategy for cancer is to induce selective lethality in a 

tumor by exploiting interactions between its driving mutations and specific drug 

targets. This study used a multi-species approach to develop a resource of synthetic 

lethal interactions relevant to cancer therapy. First, we screened in yeast ∼169,000 

potential interactions among orthologs of human tumor suppressor genes (TSG) and 

genes encoding drug targets across multiple genotoxic environments. Guided by the 

strongest signal, we evaluated thousands of TSG-drug combinations in HeLa cells, 

resulting in networks of conserved synthetic lethal interactions, which we termed 

conserved cancer networks (CoCaNets). Analysis of these networks revealed that 

interaction stability across environments and shared gene function increases the 

likelihood of observing an interaction in human cancer cells. Using these rules, we 

prioritized ∼105 human TSG-drug combinations for future follow-up. We validated 

interactions based on cell and/or patient survival, including topoisomerases with 

RAD17 and checkpoint kinases with BLM. 

I explored the association of the conserved interactions with differences in 

clinical outcomes of cancer patients. Although co-mutation of both genes of a 
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synthetic lethal pair is too rare of an event to power survival analysis, it has been 

shown that patients with tumors for which both genes of a synthetic sick interaction 

are under-expressed tend toward longer survival times (Jerby-Arnon et al., 2014). 

This finding is consistent with the idea that decreased function of both genes 

promotes synthetic sickness, causing the tumor to be less robust and leading to 

improved patient outcomes. 

I explored evidence for this principle in the CoCaNet resource using the Jerby-

Arnon et al. (2014) scoring method. I scored each of ∼2,000 breast cancer patients 

profiled in the Molecular Taxonomy of Breast Cancer International Consortium 

(METABRIC) database (Curtis et al. 2012) by counting the number of synthetic 

sick/lethal interactions in CoCaNet10 for which both genes were under-expressed in 

the patient’s tumor versus their normal tissue. The 10% of cases with the highest 

scores were marked as having potential “induced synthetic lethality” (ISL). The 

survival curve of these ISL cases was then compared to the 10% of patients with the 

lowest scores (non-ISL patients). 

Indeed, I found that ISL patients had significantly longer survival times relative 

to non-ISL patients (Figure 18A; p = 6 × 10−4). Median survival had not yet been 

reached in this cohort; however, the upper-quartile survival time for ISL patients was 

6 years greater (9.1 years versus 3.1 years; Figure 18B). The greatest contribution to 

increased survival was from SL interaction of BLM and CHEK1, which were under-

expressed in 162 of 196 ISL cases, followed by BLM and CHEK2 (Figure 18C). 

Survival stratification similar to CoCaNet10 was observed when defining ISL patients 

purely by human chemo-genetic interactions independent of evolutionary 

conservation (CoCaNetHuman) and with the extended network predicted from the 
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integrated LS score (CoCaNetX). These survival differences were also similar to 

those that had been observed by the original developers of this scoring approach for 

a different set of computationally derived synthetic lethal interactions (Jerby-Arnon et 

al. 2014; Figure 18B). Thus, the synthetic sick/lethal interactions in CoCaNet appear 

relevant to the clinical response of human tumors by this type of survival analysis.To 

assess the number of cancer patients who could potentially benefit from repurposing 

a drug to target a SL interactions in CoCaNet, I evaluated a cohort of 7,394 patients 

with tumors profiled by TCGA across 22 tumor types. Restricting CoCaNet10 to only 

the eight drugs that are currently FDA approved, I identified a restricted list of TSG 

with at least 1 SL interaction with one of these drugs. I then counted for each of the 

7,394 patients the number of mutated genes in the restricted list. This shows that the 

potential effect of CoCaNet on precision cancer therapy is large, because more than 

40% of TCGA patients have loss of function in at least one TSG with a synthetic 

lethal interaction involving the target of a currently FDA-approved drug (Figure 18D). 

 

Figure 18: Clinical potential of deeply-conserved interactions. (A) Kaplan-Meier plot of 
overall survival, selecting the highest 10% (ISL) or lowest 10% (non-ISL) of patients in 
METABRIC ranked by CoCaNet score. (B) Upper-quartile survival for METABRIC 
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cohort stratified by the indicated genetic interaction networks. (C) Histogram of 
CoCaNet interactions binned by the number of patients in the ISL group in (A) whose 
tumors under-express both of the genes involved in the interaction. (D) For those 
TSGs interacting with the target of an FDA-approved drug, the number of mutations 
or deletions seen per patient in the TCGA cohort. 
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Appendix C: Analysis of inherited 

polymorphisms associated with somatic events 

I was a co-author of Carter et al. (2017), “Interaction landscape of inherited 

polymorphisms with somatic events in cancer.” This study identified correlations 

between specific germline variants and specific somatic mutations, and cancer tissue 

type. I performed various analyses which were not included in the final version of the 

paper. 

The analysis was initially done on all samples available in TCGA at the time, 

using them to identify associations that passed a stringent statistical threshold. Over 

the course of the study, additional samples accrued in TCGA, allowing their use as a 

validation cohort, albeit one with a different composition of tissue types than the first. I 

performed comparisons of the marker associations that validated in the second 

cohort with the associations that did not validate. There was no significant difference 

with regard to sample size or number of cases, two variables we suspected could 

affect validation rate. 

 I also tested whether a larger set of SNPs that had passed a less stringent 

threshold tended to fall in genes belonging to Gene Ontology sets. This was done 

separately for SNPs associated with a given cancer tissue type and with mutation of a 

given gene. It was tested both for genes in which the SNPs were located, and genes 

within 1Mb of the SNP. I used a hypergeometric enrichment test and required a false 

discovery rate no greater than 0.1. No enrichments were significant by this criterion.  
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We wondered whether the markers (SNPs or haplotypes) that had significant 

association with one or more somatic events might tend to be located near regulatory 

elements such as enhancers or promoters. I retrieved enhancers and promoters from 

FANTOM5 (Lizio et al. 2015) and used BEDTools (Quinlan et al. 2010) to determine 

proximity of markers to regulatory elements. Using LD thresholds (0.7–0.9) to define 

regions around markers, and using a Mann-Whitney test to compare counts of 

regulatory elements within these regions to the counts for regions similarly derived 

from random markers, the difference was insignificant. Though possibly sensitive to 

the choice of null distribution, i.e. how the random markers are sampled, the result 

seemed to suggest that overall the implicated markers did not tend to locate near 

regulatory elements any more than other markers. 

We were also interested in whether any conclusions could be drawn about the 

likely directions of causality between the variables involved. For example, we 

considered triplets of binary variables: presence of a marker, a somatic event, and a 

cancer tissue type. All were triplets for which association between the three variables 

had passed stringent permutation-based tests of significance. To assess the marginal 

probabilities of individual directed relationships, I integrated over all possible 

Bayesian network graph structures. I initially used REBEL (Koivisto 2012), a dynamic 

programming algorithm capable of calculating marginal edge probabilities between up 

to ~30 variables. However, given the small number of variables, the number of 

possible graphs was small, even when another interaction variable was included. So I 

chose a slightly more exact brute force approach using the PEBL Python package 

(Shah and Woolf 2009). Analysis of patterns across triplets was inconclusive, and 

because of some of the caveats of causal Bayesian inference from observational 
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data, such as the possibility of confounding by omitted variables or sampling bias, our 

confidence in the graph for any particular triplet was insufficient to draw conclusions. 

All three chapters of this dissertation contain material to be published in 

Rusert, Jessica, James Jensen, Sebastian Brabetz, Marcel Kool, Stefan Pfister, 

Pablo Tamayo, Jill Mesirov and Robert Wechsler-Reya, “Chemigenomic analysis of 

patient-derived xenografts reveals vulnerabilities of medulloblastoma.” The 

dissertation author was co-first author in this study, alongside Jessica Rusert and 

Sebastian Brabetz. Appendix B includes material from Srivas, Rohith, John Paul 

Shen, Chih Cheng Yang, Su Ming Sun, Jianfeng Li, Andrew M. Gross, James 

Jensen, Katherine Licon, Ana Bojorquez-Gomez, Kristin Klepper, Justin Huang, 

Daniel Pekin, Jia L. Xu, Huwate Yeerna, Vignesh Sivaganesh, Leonie Kollenstart, 

Haico van Attikum, Pedro Aza-Blanc, Robert W. Sobol and Trey Ideker, “A network of 

conserved synthetic lethal interactions for exploration of precision cancer therapy.” 

Molecular cell 63, no. 3 (2016): 514–525. The dissertation author was a co-author of 

this study. Appendix C refers to analyses performed for but not included in the final 

version of Carter, Hannah, Rachel Marty, Matan Hofree, Andrew M. Gross, James 

Jensen, Kathleen M. Fisch, Xingyu Wu, Christopher DeBoever, Eric L. Van Nostrand, 

Yan Song, Emily Wheeler, Jason F. Kreisberg, Scott M. Lippman, Gene W. Yeo, J. 

Silvio Gutkind and Trey Ideker, “Interaction landscape of inherited polymorphisms 

with somatic events in cancer.” Cancer Discovery 7, no. 4 (2017): 410–423. The 

dissertation author was a co-author of this study. 
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