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ABSTRACT OF THE THESIS  

 

 

A platinum-resistant cancer subtype defined by a network of gene mutations 

 

by 

 

Ana Luisa Bojorquez-Gomez 

 

Master of Science in Bioengineering 

 

University of California, San Diego 2015 

 

Professor Trey Ideker, Chair 

 

 

Despite many molecular studies showing a wide diversity of ovarian tumor types, 

ovarian cancer is still clinically treated as a single disease. Of five epithelial ovarian cancer 

subtypes, high grade serous ovarian cancer (HGSOC) has been identified as the most 

aggressive and constitutes roughly 60% of all malignant tumors. Aside from an almost 

universal loss of TP53 function, HGSOC is a highly heterogeneous disease. Several 

attempts to stratify this disease into more homogeneous cohorts have been made, but not 
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applied in medical practice. Recently we developed Network-based Stratification (NBS), 

an unsupervised clustering method which uses somatic mutation profiles and known gene 

interaction networks, which successfully stratified HGSOC patients into four distinct and 

clinically relevant subtypes. Here we’ve developed a new supervised classifier, trained on 

the previously found HGSOC subtypes, that uses somatic mutation profiles of ovarian 

cancer to recover the ‘high-risk’ subtype and ‘standard-risk’ II-IV subtypes. We 

demonstrate the robustness of NBS across independent cohorts, by retrieving the NBS 

subtypes in a newly available HGSOC study from the International Cancer Genome 

Consortium (ICGC). To study the molecular characteristics of the ‘high-risk’ subtype, 

we’ve developed a supervised cell line classifier and classified the ovarian cell lines in the 

Cancer Cell Line Encyclopedia (CCLE) into ‘high-risk’ and ‘standard-risk’ subtypes. We 

established adequate cell line models of HGSOC and these subtypes and found the ‘high-

risk’ subtype to be significantly resistant to cisplatin. Further exploration for the genes 

modulating response to cisplatin is underway in a whole-exome screen on a ‘high-risk’ 

HGSOC cell line.  
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Chapter One: Thesis Outline and Introduction 

1.1 Thesis Outline 

This study is focused on the characterization of a platinum resistant subtype of 

ovarian cancer. I will briefly provide the reader with an overview of what is currently 

known about ovarian cancer, specifically focusing on high grade serous ovarian cancer 

(HGSOC) which is the deadliest histological subtype of this disease. I then introduce a 

previously developed method known as Network-based stratification (NBS), by which 

a heterogeneous population of patients can be subdivided into more homogeneous 

subtypes by using their somatic mutation profiles and prior knowledge of gene-

interaction networks. Upon familiarizing the reader with the challenges that HGSOC 

presents and our success in stratifying this population into clinically meaningful 

subtypes using NBS, I will present a newly developed classifier with which we can 

recover the aforementioned subtypes in Chapter 2. I then characterize the properties of 

the HGSOC subtype with the worst prognosis, which we’ve denominated the ‘high-

risk subtype’, as well as discuss our establishment of appropriate cell line models for 

in vitro studies of this subtype and the results of these studies (Chapter 3). Finally, I 

will discuss further studies that can be accomplished with this platform, including an 

exome-wide functional genomic screen using the CRISPR-Cas9 system in Chapter 4.  

 

1.2 High Grade Serous Ovarian Cancer 

Ovarian cancer is a deadly disease of the female reproductive system and the fifth 

leading cause of cancer deaths among women. It is estimated that in 2015, 21,290 

women in North America will be newly diagnosed with ovarian cancer and 14, 180 will 
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die from it (1). HGSOC typically originates in the ovaries or distal fallopian tubes but 

can metastasize to other regions of the abdomen and, less commonly, other parts of the 

body (1, 2). Currently there is no effective screening to detect ovarian cancer at an early 

stage, and most patients with early stage disease are asymptomatic. Because of these 

two facts most women with ovarian cancer present with advanced stage disease with 

tumor already spread throughout the abdomen.  

Three different types of cells make up the structure and function of the ovary, 

epithelial cells, germ cells, and stromal cells. Epithelial cells line the surface of the 

ovary, germ cells produce the eggs or ova, and stromal cells form the connective tissue 

that holds the structure of the ovary as well as secrete estrogen and progesterone (3-5). 

Most ovarian tumors originate from epithelial cells and most of these are benign. 

However, about 90% of cancerous tumors also originate in the epithelial lining and are 

referred to as surface epithelial carcinoma (2). There are five different classifications 

of epithelial carcinoma: high grade serous, low grade serous, mucinous, clear cell, and 

endometrioid ovarian cancer (6). Our study focuses on high grade serous ovarian cancer 

(HGSOC) which constitutes about 70% of epithelial carcinomas diagnosed in North 

America and is the most malignant of these carcinomas (7, 8).  

The carcinogenesis of HGSOC tumors is not yet clearly understood. Recent studies 

have challenged the common belief that HGSOC tumors develop from the epithelium 

of the ovary, and have shown in mice models that tumors can develop in the epithelium 

of the fallopian tube and subsequently invade the ovary (9). However, further studies 

have shown that upon removal of the fallopian tubes, HGSOC can still develop in the 

epithelium of the ovaries (10). The full exome sequencing of a large cohort of over 300 
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HGSOC tumors by The Cancer Genome Atlas (TCGA) project, a large scale project to 

sequence the exomes of many cancers, has revealed that HGSOC is quite 

heterogeneous at the molecular level. No two tumors share the same set of somatic 

mutations, and overall there is little similarity from one tumor to the next. For example, 

the average HGSOC tumor has 61 non-silent somatic mutations. However, aside from 

a nearly universal loss-of-function mutation in TP53, the most mutated gene, BRCA1, 

is mutated in only 10% of all cases (11). Linked to the loss-of-function of TP53, a 

known tumor suppressor gene, is an extensive degree of copy number aberrations 

(CNAs) in the genome. A higher degree of overlap of genomic regions with gains or 

losses due to CNAs, and the lack of overlap of somatic mutations, across tumors has 

led some to conclude that this disease is driven by copy-number aberrations rather than 

mutations (12, 13). This poses a challenge in developing new therapeutics for HGSOC 

patients who do not respond well to standard of-care platinum-taxane treatment and for 

patients who relapse shortly after treatment (14, 15). Because HGSOC is a 

heterogeneous disease there is a need to move from providing all patients with the same 

treatment to developing therapeutics tailored to the needs of the different patients. 

However, in order to move from empirical to tailored medicine, it is necessary to know 

what therapeutics must be tailored to. 

In an effort to overcome the challenge of heterogeneity within HGSOC, many 

classifiers and clustering methods have been developed to group patients together based 

on their similarity in gene expression, or methylation profiles (16, 17). However, for 

the most part these classifiers have not been successfully incorporated into medical 

practice due to a lack of reproducibility across cohorts (18, 19), overfitting, or failure 
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to predict clinical outcomes. Prior to the development of NBS, no mutation based 

classifiers had been attempted due to the sparsity of somatic mutations, and the lack of 

shared mutations between tumors. In 2013, the Ideker lab developed a method called 

Network-based Stratification (NBS) which uniquely uses both somatic mutation 

profiles as well as known gene interaction networks to discover cancer subtypes (20). 

  

1.3 Network-based Stratification 

NBS is an unsupervised clustering method which uses patients’ somatic mutation 

profiles as well as prior knowledge of genetic interaction networks to find similarities 

among patients suffering of highly heterogeneous diseases (20). Briefly, NBS takes the 

somatic mutation profiles for each patient and then projects these profiles onto gene-

gene interaction networks. Mutated genes are represented as ones and those not mutated 

are represented as zeros. Using a method called network propagation the influence of 

the mutated genes is spread around the network to neighboring genes. This propagation 

is continued until the influence of the mutated genes reaches a steady state throughout 

the network. Steady state is achieved when the values in the network cease to change 

much between propagation iterations. Mathematically, network propagation results in 

every gene in the network having a value greater than zero. By doing this step, also 

referred to as ‘network smoothing’ (20, 21), we begin to observe that similar genetic 

pathways are affected between patients. It is then possible to group patients together 

based on the common pathways that are impacted through their different somatic 

mutations.  



   5 
 

Excitingly, the resulting clusters not only provide a biological characterization of 

the patients in the clusters, they are also informative of patients’ prognoses and 

response to therapy. NBS produced striking results when classifying HGSOC patients 

into 4 clusters or ‘subtypes’. Namely, a ‘high-risk’ subtype comprised of almost 20% 

the patients was found to have the worst survival prognosis, with a mean survival of 

only 32 months compared to 55-80 months of the ‘standard-risk’  subtypes, as well as 

the shortest platinum-free interval (20). We have now used the properties of these 

subtypes to build a new supervised classifier which uses new patients’ mutation profiles 

to assign them into their corresponding NBS subtypes. 
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Chapter Two: Supervised NBS-subtype Mutation Classifier 

2.1 Benefits and Performance of a Supervised Classifier for NBS Subtype 

Despite the recognition that HGSOC is quite diverse at the molecular level, 

currently the standard of care for all newly diagnosed HGSOC patients is the same, a 

combination of surgical debulking and carboplatin and paclitaxel chemotherapy. While 

this regimen is effective for many patients, approximately 20% of patients do not 

respond to platinum-based therapy, and most others relapse after several years. 

Unfortunately there is currently no molecular diagnostic test to help clinicians identify 

prospectively which patients are likely to respond to platinum therapy. Therefore there 

is a great need to build a classifier which could prospectively shed light on the patient’s 

tumor type and potential to respond to platinum. Unlike an unsupervised clustering 

method, which stratifies a population of samples into subtypes without prior knowledge 

of the properties of the subtypes, a classifier stratifies patients into previously known 

subtypes. A clustering method would therefore need hundreds of tumor samples at a 

time to analyze and create clusters, where a supervised classifier would classify patients 

as they are diagnosed.   

Having a supervised classifier to assign NBS-subtypes can also enable further 

discovery as it could be used to stratify cell lines in addition to tumor specimens. Where 

other methods of classifying patients into subtypes have resulted in inconsistent results 

in new sets of patient data (1), we’ve shown that HGSOC can be successfully divided 

into subtypes using mutation data and network-based stratification. Here we have built 

a supervised NBS-based classifier and used it to confirm that the subtypes found by 
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NBS exist in a new and independent set of patients from the International Cancer 

Genome Consortium (ICGC) as well as in the cell lines of the Cancer Cell Line 

Encyclopedia (CCLE). 

We trained our new supervised classifier on the NBS subtypes of HGSOC using a 

random forest approach. Random forest is a robust classification method suitable for 

both unsupervised and supervised dataset clustering (2). Essentially, a random forest 

builds many independent classification trees by sampling the input data many times, 

and splits each node by using the best of a random subset of variables at that node (3). 

With this method, two main variables can be optimized: the number of trees in the 

forest, and the number of variables in the random subset at each node (2). Our classifier 

has a set of 600 trees in the forest, and 100 variables in the subset.   

The random forest method returns a measure of the genes based on their weight in 

the classification method (3). We can then use the weight of the genes to build a 

classifier with a small subset of genes without sacrificing its predictive performance 

making it a more suitable tool for use as a clinical diagnostic. It is not cost effective to 

run full exome sequencing on every newly diagnosed patient with today’s technology. 

Having a much smaller set of genes which can accurately classify patients would 

greatly reduce the cost of sequencing and makes the integration of the classifier in the 

clinic much more feasible. By using a random forest to train on the NBS subtypes we 

determined a set of 29 genes (table 2.1) which, together with the average mutation rate 

and average synonymous-mutation rate of the patients, can differentiate the high risk 

subtype from the standard risk subtype II as well as standard risk subtype II from 
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standard risk subtypes III and IV. With the weights of the genes (table 2.1) we observe 

that TTN and NEB are the most influential genes in the decision making of the classifier. 

Both genes are structurally important to cells. While TTN is mostly known for its 

structural role in striated muscle it has also been identified as a structural protein for 

chromosomes (4), NEB is a large cytoskeletal protein which also performs a functional 

role in the sarcomeres of striated muscle (5). This suggests that the lack of response to 

chemotherapy seen with tumors in the high risk subtype may be due to a structurally 

inherent difference between these tumors and the standard-risk tumors. Two other 

heavy factors in the decision making process are the overall-mutation rate and the 

synonymous-mutation rate of the patients measured in the form of a Z-score. A Z-score 

greater than zero means that the mutation rate in evaluation is greater than the mean of 

the set of mutation rates across patients. The classifier thus compares the patient’s 

mutation rate to a score greater than the average mutation rate across patients.    

 
 

Gene Symbol…. Weight in Classifier
TTN……………….. 4.3543 LRRK2……………..0.0412 SPEN……………….0.0132 COL4A2…………….0.0025

NEB………………. 0.1544 NAV3……………….0.0403 RNF213…………….0.0115 NSD1………………..0.0017

AHNAK…………….0.0807 TP53………………..0.0403 AKAP9………………0.0111 MET…………………0.0014

NF1……………….. 0.0679 HUWE1……………..0.0230 BRCA1………………0.0102 RPN1……………….0.0012

MYH2………………0.0670 BRCA2………………0.0229 LAMA1………………0.0076 BRAF………………..0.0007

SYNE1……………. 0.0634 CHD7……………….0.0224 TBX3………………..0.0069 MR_all_Z-score…. 0.3473
SETD2……………. 0.0562 COL4A6…………….0.0159 SMARCA4…………..0.0061 MR_syn_Z-score… 0.2142

MYH4………………0.0494 LAMA3………………0.0133 ACSL3……………….0.0054

Table 2.1: Set of 29 genes used in supervised NBS-subtypes classifier and their weights in 

decision making process of the classifier. MR_all_Z-score is the average mutation rate 

across all types of mutations, while MR_syn_Z-score is the average rate of synonymous 

mutations.  
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The random forest method has also been shown to have good predictive 

performance. A method to evaluate the performance of our classifier is to analyze the 

receiver-operator curve (ROC) and precision-recall (PR) curve. Because the ROC and 

PR curves of the classifier’s algorithm contain the same points, the classifier can only 

dominate in ROC space if it dominates in PR space (6). The performance of the 

supervised NBS-subtypes classifier in cross-validation achieved an area under the ROC 

of 95% (figure 2.1 a), and an excellent fraction of relevance in retrieved instances 

(figure 2.1 b). In PR space, recall refers to a true positive rate of classification and 

precision refers to the fraction of samples classified as positive over the number of true 

positive samples. Our classifier achieved an excellent fraction of true positive 

classifications and dominates in PR space as well as ROC space. The supervised NBS-

subtypes classifier thus merits high confidence in its ability to classify new patients 

accurately.  

 

Figure 2.1: a) A precision-recall plot of the supervised NBS-subtypes mutation 

classifier’s performance in cross validation. b) Receiver-operator curve of the 

performance of the classifier. Area under the curve equaling 95% 
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2.2 Validation in an Independent Cohort 

The International Cancer Genome Consortium (ICGC) is an international coalition 

where independent research groups can share hundreds of new mutation, expression, 

and methylation profiles, as well as clinical data, on tumors from many different tissue 

types. Recently the Australian Ovarian Cancer Study, under the ICGC, has published a 

new set of 93 whole exome sequences of HGSOC tumors on which we can test the 

performance of our supervised classifier (7). The average age of patients in the new 

Australian HGSOC cohort is 59 ± 8 y/o and 85% of patients presented with stage III 

HGSOC, similar to the TCGA cohort in which the average age of patients is 60 ± 11 

y/o and 77% presented with stage III disease. We applied our supervised NBS-subtypes 

classifier to the new mutation profiles and successfully recovered the high-risk subtype 

(NBS1), as well as the standard-risk subtypes (NBS II-IV). Interestingly, the 

stratification of the patients resulted in subtype sizes of roughly the same proportion as 

the original TCGA cohort. The high risk subtype again constituted ~20% of the patients 

in the cohort, standard risk II subtype ~70%, and  standard risk III had ~11% of the 

patients. We also found that the survival trends of the subtypes recapitulate with the 

results of the unsupervised NBS method in the TCGA (figure 2.2 a & b). Namely, the 

high risk subtype displays the worst overall survival, with a hazard ratio of 2.15 

compared to the standard risk II subtype. The difference in survival between the 

subtypes is statistically significant, with a Logrank p value of 2.0x10-4. Specifically 

between the high risk and standard risk II subtype, the average survival is 25 months 

and 45.5 months respectively (p = 0.017). The recapitulation of these results in an 

independent cohort suggests this classifier could be developed as a predictive measure 
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of patient survival, as well as response to standard therapy. If a new patient is classified 

as high risk clinicians could offer an participation in a clinical trial given the expected 

poor outcome with standard therapy. 

 

Figure 2.2: a) Kaplan Meier survival plot of HGSOC patients in the TCGA cohort post 

unsupervised network based stratification (original method) and patient distribution into 

high risk (HR) subtype and standard risk (SR) II-IV subtypes. b) Kaplan Meier survival 

plot of HGSOC patients in ICGC cohort and patient distribution into subtypes post 

supervised classification (new method). Patients older than 75 years of age, and patients 

with stage IV cancer are excluded from both a) and b). Standard risk subtype IV is excluded 

in b) due to only one patient existing in this subtype.   

 

Spurred by the similarities in clinical outcome and patient distribution into 

subtypes, we looked further into the genomic similarities of the high risk subtype across 

the two cohorts. Simply looking at the mutation status of the genes across all patients 

yields very little interesting information because most genes are not mutated in either 

cohort (figure 2.3 a). While the only two genes mutated in most instances are TP53 and 

TTN, the rest of the genes sampled are mutated in a very small fraction of the cases. 

There is little correlation between the high risk subtype across cohorts, R2 = 0.12, and 
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virtually no correlation between all patients across cohorts, R2 = 0.01 (figure 2.3 c). 

However, we show propagating the mutation data of the patients on known networks 

is much more informative (figure 2.3 b). We observe a high correlation (R2 = 0.94) 

between the median propagated scores of the genes in the high risk subtype across the 

two cohorts. The median of the propagated mutation scores of the standard risk II 

subtype across cohorts are also strikingly correlated, with an R2 score of 0.99 (figure 

2.3 d). The standard risk III subtypes showed less correlation between each other, most 

likely due to the small number of patients classified into this subtype in both cohorts. 

Nonetheless, the high correlation of the median propagated scores between the same 

subtypes across two cohorts shows that the somatic mutation profiles, while not 

overlapping in terms of individual genes, have mutations in similar pathways or 

network neighborhoods in both the TCGA and in the ICGC cohorts. Furthermore we 

show that there is little correlation between the high risk subtype and the standard risk 

subtypes within their own cohorts (figure 2.3 d), suggesting that these subtypes are 

molecularly different diseases. The respective subtypes also prove to be more similar 

to each other than all patients across the two cohorts; with no subtype classification, 

the cohorts are only 55% correlated (R2 = 0.55). All correlations were obtained by 

taking the median propagated score of each gene across all patients in their respective 

subtypes and cohorts, for example, the median of gene X across all patients in the high 

risk subtypes of TCGA and ICGC separately. Two vectors of equal size with the 

median value for each gene are thus correlated through a Pearson correlation. Because 

TP53 is mutated in most HGSOC instances, it is treated as an outlier and excluded from 

all correlation analyses. In summary, by propagating the mutations onto gene 
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interaction networks it is possible to visualize the degree to which a few mutated genes 

can impact their neighboring wild-type genes on their respective pathways. These data 

support our conclusion that the high risk subtype of HGSOC is a molecularly and 

clinically distinct disease entity from standard risk subtypes.  

Figure 2.3: a) Correlation of average incident of observed mutations per gene, or mutation 

frequency, across high risk cohorts. Gene average is represented by circles, jitter is applied 

to show overlap of values. b) Correlation of median values, in log2 space, of mutation 

profiles post propagation through HN90 network. c) Correlation values for mutation 

frequency of high risk subtypes across cohorts. d) Correlation values of medians of 

propagated scores across cohorts. high risk is abbreviated as HR, and ‘standard-risk’ is 

abbreviated as SR.  



16 

 

Another layer of evidence to uphold the importance of gene interaction networks 

when analyzing mutation data is the fact that even the most highly mutated genes in 

the high risk subtype of TCGA do not replicate in the high risk subtype of the ICGC. 

By comparing the top 10 most mutated genes in the high risk subtype of each cohort 

we see that the only two genes which are consistently highly mutated are TP53 and 

TTN (figure 2.4). Since TP53 is mutated essentially in all HGSOC cases, the only 

subtype-informative gene in this case is TTN. Furthermore, in an analysis comparing 

the TCGA high risk subtype against the rest of the subtypes the only two differentially 

mutated genes, genes that are more (or less) frequently mutated in one subtype 

compared to the rest, are TTN (FDR = 4.8x10-46) and NEB (FDR = 3.8x10-3). 

Differential mutation status was determined by performing a Wilcoxon test between 

high risk patients and all standard risk patients, followed by a Benjamini-Hochberg 

correction to determine the false discovery rate (FDR). Both genes are more frequently 

Figure 2.4: Venn diagram of the top ten most mutated genes of the high risk subtypes 

in the TCGA and ICGC cohorts. Synonymous mutations are not included in diagram. 
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mutated in the high risk subtype than in the remaining subtypes of the TCGA. Yet 

harboring these mutations alone does not significantly impact the patient’s survival, as 

shown by the Kaplan-Meier (8) (8) curves, analyzing the survival outcome of patients 

with and without these mutations (figure 2.5). No genes were found to be differentially 

mutated in the ICGC high risk subtype relative to the standard risk subtype, yet this 

may be due to having low power to detect any significant difference in a small cohort 

such as the ICGC’s HGSOC cohort. Thus, when studying such a heterogeneous disease, 

the study of gene mutations alone does not immediately reveal the impact of these 

mutations, or how patients may be similarly affected, until gene interaction networks 

are considered in the study.  

 

Figure 2.5: a) Kaplan-Meier survival plots of TCGA patients who harbor a TTN mutation, 

and patients who do not. No significant difference in survival is found between patients 

with and without TTN mutation. b) Kaplan-Meier plot of TCGA patients with and without 

NEB mutation. Plots rendered and adapted from cbioportal.org.   
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2.3 High-Risk Subtype Network 

By propagating the TCGA’s mutation profiles through the HN90 HumanNet 

network of gene interactions in NBS, we are able to visualize the networks defining the 

specific HGSOC subtypes. In visualizing the networks we can better understand the 

extent at which network pathways are affected by gene mutations and potentially 

identify targets to modulate platinum sensitivity. To visualize the high risk subtype 

network, we performed a significance analysis of microarrays (SAM), essentially a 

Wilcoxon test, on the propagated mutation data of the high risk subtype and the 

standard risk subtypes of the TCGA. Genes which are found to be differentially 

propagated to, FDR = 0.05, were then fed on to Cytoscape for the rendering of the 

interaction network. This analysis reproduced the original network derived from the 

TCGA cohrot (9). Given the lack of shared mutations between the cohorts, however, 

we wished to determine if any overlap existed between the high risk subtypes across 

the TCGA and ICGC cohorts. We propagated the mutation profiles of the patients in 

ICGC and performed the same SAM analysis to find the differentially propagated genes 

between the high risk and standard risk subtypes. We found 23 genes to be differentially 

propagated to in the high risk subtype of the ICGC, all of which are also differentially 

propagated in the TCGA. Thus, the ICGC network completely overlapped with the 

original TCGA network (figure 2.6). Again we confirm that very few mutations are 

shared between the two cohorts as only four genes in the network of the high risk 

subtypes are mutated in both cohorts. 
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Figure 2.6: Rendering of high risk subtype networks in TCGA and ICGC. All genes in the 

network are differentially propagated to between the high risk subtype and the standard 

risk subtypes of the TCGA. Overlap between TCGA and ICGC is indicated by a thick 

border on the gene nodes. Edge thickness indicates the strength of interaction between the 

gene nodes, a thicker edge infers a stronger interaction. Genes highlighted in pink indicate 

observed mutations in the high risk cohort of the TCGA, and genes in blue indicate the 

same in ICGC. Genes in purple indicate observed mutations in the high risk subtype of 

both cohorts.  
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 The visualization of the high risk subtype network provides some insight into the 

biology of the tumors in this subtype. We found that, genes with a larger weight in the 

classification process (TTN, and NEB) are also differentially propagated to in each 

independent cohort. This is not a trivial finding, since the unsupervised NBS method 

requires network propagation to find the subtypes while the supervised NBS-subtypes 

classifier does not require network propagation. This suggests that tumor cells of the 

high risk subtype may harbor compromised cytoskeletal and transcription systems. 

Other structurally relevant genes are such as ANK1, MYOM2, and NEB are highly 

interconnected with TTN and form the overlapping region of the high risk network, 

further suggesting to a compromised or modified cytoskeletal system.  

As mentioned earlier in this chapter TTN has been implicated in chromosomal 

division (4), and cisplatin therapy works best on fast dividing cells which are more 

susceptible to DNA damage. If a cell’s division process has been arrested its DNA 

becomes less susceptible to damage since transcription mechanisms have slowed, and 

the DNA remains tightly packed around histone proteins. This protects the DNA from 

damaging agents and makes the cell resistant to cisplatin. Several transcription 

regulating genes such as ANKRD23 and ANKRD1 are also highly connected with TTN. 

Mutations in these genes and their presence in the network of the high risk subtypes in 

both cohorts also suggest of a compromised transcription regulation system which 

could affect the natural growth cycle of the cells. A slower cell growth cycle thus results 

in in a poor response to platinum therapy, and perhaps a faster relapse post-therapy.  

It may seem that TTN holds an unfair advantage in weight in the supervised 

classifier due to its size, and frequency of mutations in the high risk subtype. TTN is 
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the largest known coding gene in the human genome and it remains the popular opinion 

that its frequency of mutations in different cancers is a random consequence of its size 

(10). If TTN mutations were a random consequence of its length, then the frequency of 

observed mutations would be expected to be the same across all cohorts. However, 

while TTN is mutated in 90% of the tumors in the high risk subtype of the TCGA, it is 

only mutated in 10% of the tumors of the standard risk subtypes. This suggests that 

TTN mutations are not random. Furthermore the weight of the TTN gene in the 

supervised classifier is affected by both its mutation status and by the influence of the 

mutation status of its neighboring genes. It is evident in the network that TTN is highly 

connected with cytoskeletal and transcription genes whose influence in these pathways 

allow for the stratification of patients in the absence of a TTN mutation. In the ICGC 

cohort, for example, TTN mutations are present in only 30% of the cases in the high 

risk subtype, and 35% of the cases in the standard risk subtypes. Yet the fact that the 

survival trends recapitulate in ICGC is an indication that the classification of the 

patients and their survival outcomes are not simply an effect from harboring a TTN 

mutation, but of the effect of the mutations in the pathways of which TTN is a part.   

 

2.4 Discussion 

  Recapitulating the NBS subtypes in a new and independent cohort of HGSOC 

patients is a significant achievement. Many classification methods have failed to 

reproduce their findings in new data due to the nature of the process of building a 

classifier itself. Because classifiers are trained and built upon one set of data they are 

often subject to overfitting to that data, and though the performance of the classifier 
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may seem promising in cross-validation it is not a guarantee that the classifier will 

perform well in a new set of data. This is largely due to the fact that the data used for 

cross-validation is still part of the original dataset used to train the classifier. Therefore, 

the fact that our supervised NBS-subtypes classifier reproduced the original NBS 

subtypes and that the survival trends of the subtypes are recapitulated in the new cohort 

is a significant indicative that our classifier is not over-fit to the subtypes in the TCGA 

and that it is reliable for use in new data.  

Molecular evidence supports our conclusion that the high risk subtype and the 

standard risk subtypes of HGSOC are molecularly distinct diseases and should be 

treated as different diseases in the clinic. In analyzing the correlations of the propagated 

scores it is evident that the high risk subtype and the standard risk subtypes in the 

TCGA are more similar to their corresponding subtypes in the ICGC than they are to 

each other. This leads us to the conclusion that although the mutation profiles of the 

patients have very little overlap, there is much overlap in the genetic pathways which 

are affected by such mutations. In the case of the high risk subtype, it is evident that 

mutations affect cytoskeletal associated pathways as well as transcription regulation 

pathways which likely are the drivers for platinum resistance. It is also of interest that 

though the FGF, fibroblast growth factor, pathway is only significantly propagated to 

in the high risk subtype of the TCGA, the mutations in FGFR1, FGFR3, and FGF4 in 

the ICGC suggest that it is still an important pathway in the high risk subtype, and could 

also be a factor in poor platinum response. How this pathway influences platinum 

sensitivity is still under evaluation. Previous work has demonstrated that increased 

expression in FGF1 results in poor clinical outcomes of patients with ovarian cancer, 
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and that RNAi knockdown of FGFR1 significantly reduced the cisplatin IC50 of the 

ovarian cell lines in their study (11).The cell lines used in this study, however, have 

been found to be poor cell models of HGSOC tumors by a recent evaluation of all 

ovarian cell lines and their genetic similarities to primary tumors (12) so it is possible 

that the induced sensitivity to cisplatin through FGFR1 inhibition may not be 

representative of HGSOC tumors. Furthermore, our first study on FGFR inhibition with 

chemical compounds did not lead to a differential response to cisplatin in our cell line 

models (data not shown). However, further exploration is currently underway through 

a large scale gene-knock out assay which will determine the degree at which the FGF 

pathway and other pathways in the network modulate platinum response in the high 

risk subtype (see Ch. 4).  

Lastly, though this project focuses on furthering our knowledge of the high risk 

subtype, it is of great scientific interest to also delve deeper into the properties of the 

well performing standard risk III-IV subtypes. Future directions for the study of these 

subtypes include the characterization of the well performing subtypes, to better 

understand the factors which make these subtypes have better clinical outcomes. 

standard risk II subtype also merits further exploration since it is the most populous of 

the subtypes. The discovery of any factors that improve clinical outcome of the patients 

would be of great impact in the treating of the majority of HGSOC patients.   

Chapter 2 stems from the original work of Matan Hofree, who developed the 

published Network-Based Stratification, as well as the supervised NBS-subtypes 

classifier. This chapter was also made possible thanks to the contribution of Justin 

Huang. 
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Chapter Three: Establishing Cell Line Models of High-Risk HGSOC 

3.1 Developing a Classifier for Cell Line Models 

In order to study the properties of the high risk subtype and the ‘standard-risk’ 

subtypes we established a representative cell line model for these subtypes. The Cancer 

Cell Line Encyclopedia (CCLE) project is a collaboration between the Broad Institute 

and the Novartis Institutes for Biomedical Research to conduct a genomic 

characterization of about 1000 human cancer cell lines. Given the limited sequencing 

data available on the cell lines, a new classifier was necessary to stratify them into 

subtypes. Therefore, we developed a second supervised random forest classifier, also 

trained on the discovered subtypes of the TCGA. The cell line classifier uses a different 

list of genes than the classifier used to stratify patients. It is also a binary classifier, 

categorizing the cell lines into two subtypes, most-like high risk and least-like high risk 

subtype. By weighing the genes’ importance in the categorization of the cell lines, we 

are able to pair-down the number of genes necessary for accurate stratification. Doing 

so, we found 39 genes (see table 3.1) which stratify the cell lines by assigning a K score 

(supplementary table 3.1s). The more positive the K score is, the more high risk 

subtype-like the cell line is and the more negative the K score is, the least like high risk 

subtype the cell line is. The stratification of the cell lines thus provides us with a 

reference frame in which to further explore the characteristics of the high risk subtype. 

It does not, however, provide us with a reference of the cell line’s likeness to HGSOC 

tumors. Therefore, further scrutiny was necessary in the choosing of cell lines to 

achieve the best possible representation of HGSOC tumors in vitro.  
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Table 3.1: Set of 47 genes and their approximate weights in the cell line classifier. 

 

Having identified cell lines with mutation profiles similar to the high risk subtype, 

we looked at the response to cisplatin treatment between the most and least-like high 

risk subtype cells. We applied the cell line classifier on all 905 of the cell lines included 

in the CCLE, of these cell lines, 47 were classified as originating from ovarian tumors. 

Selecting the 10% of cells with the greatest K score to represent the high risk subtype 

and the 10% of cells with the lowest K to represent the ‘standard-risk’ subtype, without 

filtering for tissue type, and looked for differences in drug response. We discovered a 

trend that suggests the high risk subtype cell lines have a higher cisplatin IC50 relative 

to the ‘standard-risk’ subtype cell lines (4.31 µM vs. 3.35 µM, p = 0.07, figure 3.1 a). 

Performing the same analysis only on the ovarian cell lines, however, does not give 

any indication of a differential response to cisplatin between the subtypes (figure 3.1 

b). We performed the same analysis to evaluate the cell lines’ response to paclitaxel 

and found no differential response between subtypes (not shown). However, the fact 

that there is only data available for 47 ovarian cell lines greatly limits the power for 

this type of comparative analysis, as well as the fact that not all of the cell lines have 

Gene Symbol…. Weight in Cell Line Classifier

TTN………………..37 HECW1…………..1 ERN2………………1 F8…………………..1

C15orf55………..8 CACNA1F………..1 NOTCH3…………1 VPS13B…………….1

SPTAN1………….6 BAI1……………….1 BCL6………………..1 RBM15…………..1

CUBN……………..5 EIF2AK2………….1 AURKC……………1 LAMA1……………1

AFF3………………4 PTK2B…………….1 NSD1……………..1 OMD………………..1

MST1R……………2 DDB2……………..1 NCOA3………………1 BCL3………………..1

SLC45A3…………2 DIP2C……………..1 EPHA1…………….1 NF1………………..1

ATM……………….2 ASTN1……………1 NR3C1……………1 TYRO3……………1

RB1………………..2 BIRC3……………..1 RGL1………………1 ELK1………………1

ACACA……………2 ITGA5……………..1 FANCG……………1
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been evaluated for their response to cisplatin. Therefore only comparing the responses 

for the ovarian cell lines is ultimately limited by a lack of complete data on the cell 

lines’ response to cisplatin treatment. We thus set out to establish our own cell line 

models to test whether there is a differential response to cisplatin or paclitaxel treatment 

in ovarian cell lines from different NBS subtypes.  

 

 

 3.2 Establishing Cell Line Models Representative of HGSOC 

Identification of appropriate cell line models of HGSOC is a critical first step to 

facilitate the in vitro study of the high risk subtype. One caveat of the cell line classifier, 

however, is that it assumes that all ovarian cell lines are HGSOC so further scrutiny 

was needed before choosing an appropriate model for in vitro testing. Previous work 

has shown that the most commonly used ovarian cell lines models for HGSOC are poor 

Figure 3.1: a) Bar plot of cisplatin response based on the most-like high risk subtype 

quantile, and least like high risk subtype quantile. High risk subtype IC50 is trends 

higher than ‘standard-risk’ (p = 0.07). b) Cisplatin response of ovarian cell lines based 

on subtype categorization. No significant difference in response between subtypes (p = 

0.62). 
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models of HGSOC tumors for two main reasons (1). One is due to a lack of certainty 

of the cell lines’ histopathological origin, and another is due to the fact that the genomic 

profile of these cell lines is not reflective of that of the patients’ tumors (1). HGSOC 

tumor samples have characteristically high copy number alterations (CNAs), universal 

loss of TP53 function, and a low frequency of somatic mutations in coding-regions (2); 

whereas commonly used cell lines tend to be hyper mutated compared to primary 

samples, and have wild-type TP53 (1, 2). We therefore chose the highest K-scoring cell 

lines as models for high risk subtype and the lowest K-scoring cell lines for ‘standard-

risk’ subtype, with the constraint that all cell lines chosen have been previously 

reported to be likely HGSOC based on their genetic profiles (Table 3.1).  

 

Table 3.2: Summary table of ovarian cell lines chosen based on their likeness to HGSOC 

and the high risk subtype found in patients. Mutations per million base pairs (1) refer to 

functional mutations, intron regions and silent mutations are excluded. A few genes of 

interest in HGSOC are listed, along with their mutation status: Mut for mutated, WT for 

wild type.  

 

A principal component analysis (PCA) was also performed to evaluate how 

representative these cell lines were of the mutation space of the subtypes. We first 

performed network propagation on the mutation profiles, quantile normalized the data, 

Cell Line Subtype K score Mutations per

Million Base Pairs TP53 TTN BRCA1 BRCA2 ATM

KURAMOCHI High-Risk 4.64 5.32 Mut Mut WT Mut Mut

OVKATE High-Risk 3.02 4.60 Mut Mut WT WT Mut

59M High-Risk 2.84 3.23 Mut Mut WT WT WT

OAW28 High-Risk 2.84 4.22 Mut Mut WT WT WT

COV318 Standard-Risk -16.11 3.12 Mut WT WT WT WT

OVCAR4 Standard-Risk -19.00 4.63 Mut WT WT WT Mut

TYKNU Standard-Risk -23.59 5.06 Mut Mut WT WT Mut

Mutation Status 
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and then performed PCA. This analysis was applied to both TCGA patients and the cell 

lines separately. The resulting PCA shows a stark difference in the clustering of the 

subtypes. Subtype 2, the most populous of the subtypes is mostly clustered together 

with some of its patients scattered in the direction of the high risk subtype cluster 

(figure 3.2 a). The high risk subtype patients, however, all cluster together. The same 

trend is observed in both the TCGA data and the CCLE cell lines. The PCA analysis 

showed that the cell lines we identified as high risk clustered with high risk patients. 

Similarly, the ‘standard-risk’ cell lines clustered with ‘standard-risk’ patients (figure 

3.2 b).  

 
Figure 3.2: Scatter of PCA analysis performed on TCGA and CCLE mutation data sets. a) 

Highlights TCGA’s high risk subtype in blue, and subtypes 2, 3-4, in yellow and red 

respectively. b) high risk and subtype-other in CCLE; highlighted scatter points give the 

region in which the chosen cell line models fall, and the representation of the subtype’s 

mutation space. 
 
 
 
 
 
 
 



31 
 

3.3 In Vitro Validation of Cisplatin Resistance of High-Risk Subtype 

HGSOC patients who relapse within 6 months of standard treatment are platinum 

resistant and we sought to recapitulate these results in vitro. The Sanger database 

contains dose-response data for a wide variety of cancer drugs, including cisplatin and 

paclitaxel. Our preliminary analyses had suggested a differential response to cisplatin 

but not for paclitaxel between the high risk subtype and the ‘standard-risk’ subtype. As 

mentioned before, however, these assays do not have drug response data for all of the 

cell lines in either the Sanger or the CCLE databases and the values reported cover a 

limited IC50 range beyond which no data is available. For this reason, we performed 

our own set of viability assays to evaluate the cells’ response to cisplatin or paclitaxel 

in a comparative set up between high risk subtype and ‘standard-risk’.  

We evaluated the response to cisplatin and paclitaxel through viability assays 

designed as following. Cell lines were first plated in 96-well dishes at varying cell 

densities to optimize the number of cells plated per well at the start of each assay. We 

optimized for cell seeding density with the goal of plating a large enough number of 

cells to minimize noise, but a small enough number to prevent the cells from becoming 

too confluent and stop growing. Given the growth rates of the cell lines and their 

viability depending on their confluence, we determined the optimal cell seeding density 

to 5000 cells per well. The cells are plated in 200uL in all wells except border wells, 

and each column is used entirely for a single drug dose or no treatment condition. Drug 

is added 24hours post cell seeding to allow for cell attachment. Five days after plating 

the cells, their media is aspirated, 200ul of media added, and the wells treated with10X 
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resazurin at a 1:10 ratio of the volume in the well. The plates are then incubated for 4-

6 hours and then their fluorescence read on a TECAN infinite PRO 200 NanoQuant 

Microplate reader. Their fluorescence values are then averaged per condition, 6 

replicates per condition, and their standard deviation calculated.  

Cisplatin and paclitaxel assays were then conducted in the same manner. The first 

assays were set in a very wide dose range (0-1000uM) to determine the range at which 

the cells respond to treatment. Treatment plans were then optimized to yield drug 

response curves with dose points focusing in the IC20 to IC80 region. One column is 

reserved as a no treatment control, and another column for media only to subtract the 

background signal form the resazurin readings. After reading the plates, the wells with 

the same doses were averaged, their standard deviation and coefficient of variance 

calculated, and plotted on GraphPad PRISM 6. The IC50 values were calculated using 

four parameter nonlinear regression (curve fit) function; only IC50 with fitted curves 

yielding an R square value greater than 0.8 are kept. 

Our results show a remarkable difference in platinum response between the 

subtypes, with high risk subtype displaying an IC50 at least two times larger than that 

of the ‘standard-risk’ subtype (15.1 µM vs. 4.9 µM, figure 3.3 a). We performed an 

unpaired t-test with Welch’s correction between the high risk subtype and the subtype-

other, and found that the difference in IC50s is significant (p value – 0.0006). While a 

significant difference is found in the response to cisplatin of the high risk subtype 

against the ‘standard-risk’ subtype, no significant difference in response to paclitaxel 

was found (p = 0.2, figure 3.3 c). With the exception of OVCAR4, all cell lines 
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responded to paclitaxel at much lower concentrations than cisplatin (figure 3.3 d) 

supporting the theory that platinum, and not paclitaxel, response is a major factor in the 

poor survival outcomes of HGSOC high risk patients.  

 
Figure 3.3: a) Average IC50 response of high risk subtype compared to subtype-other. 

Unpaired t-test with Welch’s correction upholds significance of differential drug response 

(p value – 0.0006). b) Average IC50 response to cisplatin treatment by cell line.. c) Average 

IC50 response to paclitaxel of high risk subtype compared to subtype-other (p value – 0.2). 

d) Average IC50 response to paclitaxel by cell line. OVCAR4 is the only resistant cell line.  
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3.4 Discussion 

Recent research has not only pointed out a need for better cell line models of the 

different subtypes of ovarian cancer (3, 4), especially HGSOC, it has also demonstrated 

that the most popular cell lines used to study this disease are not good representative 

models (1). Without adequate models of the diseases we study, it is no surprise that 

90% of clinical trials in oncology fail. To learn more of  the high risk subtype in 

comparison to the ‘standard-risk’subtype we strived to find the best cell lines to model 

these subtypes. Guided by the results of a prior evaluation of the adequateness of the 

ovarian cell lines as a good model of HGSOC, we’ve limited our choice of cell lines to 

the most reflective of HGSOC primary tumors. We’ve thus established 4 cell line 

models of the high risksubtype, and three models of the ‘standard-risk’ subtype and 

shown in vitro that the high risk subtype is initially resistant to cisplatin. These cell 

lines can be used for further studies to explore the characteristics of high risk HGSOC, 

and what the molecular differences are between this subtype and the ‘standard-risk’ 

subtype. Laboratories have recently begun to establish more immortal cell lines from 

primary HGSOC tumors (5) to improve the availability of adequate models. Once the 

sequences of these cell lines is made available, classifying them into high risk or 

‘standard-risk’ will further expand our power to learn more of the particularities these 

subtypes, and to find targets which can ultimately help improve response to therapy 

and patient survival. 

Chapter 3 is work made possible through the development of the supervised cell 

line classifier by Matan Hofree, and mentorship of Dr. John Paul Shen. 
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3.6 Supplemental files 

Table 3.1s: Ovarian cell lines post high risk subtype classification. Positive K scores assert 

the cell line's likeness to high risk subtype, and a negative K score makes the cell line un-

like high risk subtype.  

Cell Line Subtype K Score Tissue Type 
Mutation 
Rate 

          

KURAMOCHI 1 4.642 OVARY 0.049 

OVKATE 1 3.020 OVARY 0.063 

59M 1 2.838 OVARY 0.054 

HS571T 1 2.838 OVARY 0.048 

JHOC5 1 2.838 OVARY 0.059 

OAW28 1 2.838 OVARY 0.048 

OVTOKO 1 2.838 OVARY 0.062 

SNU840 1 2.838 OVARY 0.049 

EFO21 1 2.836 OVARY 0.043 

JHOS4 1 2.260 OVARY 0.056 

OAW42 1 1.205 OVARY 0.050 
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Table 3.1s:  Cont,    

OV56 1 1.032 OVARY 0.050 

NIHOVCAR3 1 0.638 OVARY 0.053 

ONCODG1 1 0.638 OVARY 0.060 

SNU119 1 0.509 OVARY 0.059 

COV644 1 0.454 OVARY 0.059 

SKOV3 0 -0.053 OVARY 0.074 

OV90 0 -0.598 OVARY 0.073 

A2780 0 -0.629 OVARY 0.091 

COV362 0 -1.169 OVARY 0.059 

OVSAHO 0 -1.297 OVARY 0.056 

JHOM1 0 -1.697 OVARY 0.049 

OVISE 0 -1.749 OVARY 0.049 

COV434 0 -2.405 OVARY 0.049 

OVCAR8 0 -4.386 OVARY 0.068 

TOV21G 0 -9.154 OVARY 0.145 

COLO704 0 -9.802 OVARY 0.109 

MCAS 0 -10.140 OVARY 0.070 

OVMANA 0 -10.379 OVARY 0.071 

FUOV1 0 -10.827 OVARY 0.061 

RMUGS 0 -11.354 OVARY 0.062 

CAOV4 0 -11.608 OVARY 0.052 

JHOS2 0 -11.696 OVARY 0.066 

ES2 0 -12.365 OVARY 0.083 

COV504 0 -14.306 OVARY 0.049 

RMGI 0 -14.306 OVARY 0.036 

CAOV3 0 -15.391 OVARY 0.048 

OVK18 0 -15.887 OVARY 0.163 

COV318 0 -16.109 OVARY 0.056 

SNU8 0 -16.109 OVARY 0.050 

OVCAR4 0 -19.005 OVARY 0.067 

OC316 0 -19.255 OVARY 0.202 

HEYA8 0 -20.951 OVARY 0.055 

TYKNU 0 -23.589 OVARY 0.068 

EFO27 0 -34.778 OVARY 0.166 

JHOM2B 0 -34.934 OVARY 0.067 

IGROV1 0 -48.791 OVARY 0.234 
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Table 3.2s: CCLE ovarian cell lines with mutation status of gene in cell line classifier. 

Mutation status depicted by blue sparkline. 
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Chapter Four: Finding Potential Targets for Therapeutic Treatment 

4.1 Question and Approach 

  Resistance to cisplatin is a determining factor in the poor prognosis of patients in 

the high risk subtype of HGSOC, yet the genetic drivers of this resistance remain 

unclear. Identifying the genes which modulate cisplatin resistance could lead to the 

development of better therapeutic treatments for high risk patients. We therefore sought 

to identify the set of genes which when knocked out rescue the platinum sensitive 

phenotype. To do this, we turned to the newly developed genome editing technology 

of Clustered Regularly Interspaced Short Palindromic Repeats and Cas9 nucleases, 

otherwise known as CRISPR-Cas9. 

4.2 Introduction to CRISPR Technology and its Uses 

CRISPR is a genome editing technology which employs targeted nucleases to alter 

the genome in specific regions. The name is derived from the Clustered Regularly 

Interspaced Short Palindromic Pepeats (CRISPR) adapted immune system found in a 

variety of bacteria (1) from which the Cas9 nuclease is derived. The Cas9 nuclease, 

guided by a 20 base pair target sequence embedded in a guide RNA, mediates the 

genome modification in eukaryotic cells by inducing a double strand break in the DNA. 

The guide RNA binds to the target DNA through Watson-Crick base pairing (2). 

Overall the process by which gene modification is achieved can be summarized in two 

steps: a targeted break in the DNA performed by the Cas9 nuclease, followed by DNA 

damage repair done by the eukaryotic cell’s repair machinery (3). It is during the DNA 

repair, usually non-homologous end joining, that either insertions or deletions are 

integrated in the target site (3).  
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The CRISPR-Cas9 technology can be used for a variety of genomic studies. The 

types of modifications that the CRISPR-Cas9 nuclease activity can achieve include 

mutations, deletions, and insertions (3) in either exome regions or intron regions of the 

genome depending of the target sequence. The versatility of this technology make it a 

very useful tool for a variety of research types. For example, genome wide CRISPR 

screens have been used in the study of regulatory networks in cells (4), in the search 

for genetic dependencies of cancer cell lines (5), as well as in the search of genetic 

targets for the modulation of cell response to drug treatment (6). In this project we 

employ an exome-wide CRISPR screen in pooled format to find exome genes which 

sensitize the cell lines of the high risk subtype to cisplatin. 

The application of the CRISPR technology in the lab is relatively simple (figure 

4.1). First a pooled library, or single target plasmid, is acquired from a vendor (figure 

4.1 a). In our case we purchased the Human GeCKO v2 Library (2 Plasmid System 

Lentiguide-Puro), a whole genome knock out library developed in the Feng Zhang lab 

(6). The library is then electroporated into bacteria (figure 4.1 b) as specified by the 

GeCKO protocol provided by the Zhang lab in their genome-editing website (7) and 

amplified. The amplified pool is then extracted by using a QIAGEN Plasmid Maxi Kit 

(figure 4.1 d). The pooled library is then packaged into lenti-virus by transfecting 293T 

cells according to the protocols in the Zhang’s methods of both GeCKO screen 

publications (6, 8) (figure 4.1 e). The resulting virus is then harvested and tittered in a 

functional assay (figure 4.1 f-h) to allow for calculation of the multiplicity of infection 

(MOI). The virus can then be used for a pooled assay (figure 4.1 i). The screen cells 

must infected at an MOI of approximately 0.3-0.4 to ensure that only one guide RNA 
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is integrated per cell upon transduction. This is especially important in pooled screens 

because if the cells integrate more than one RNA, the results become confounded. For 

single target assays, it is not an issue if the cells take up more than one guide. Cells are 

then harvested at different time points, and their DNA extracted using a QIAGEN 

(DNeasy Blood & Tissue Kit) (figure 4.1 j-k). Finally, the library must be prepared for 

sequencing. First the barcoded target regions of the guideRNAs are amplified from the 

genomic DNA by PCR, and then adapted for sequencing by a second PCR reaction 

(figure 4.1 l). The amplified guideRNA barcodes are adapted for sequencing by adding 

forward and reverse primers with tailing ends. The tailing ends perform two functions, 

one is to provide a second barcode to the sample which allows the researcher to 

distinguish between DNA harvested at different time points in the screen. The second 

function of the tail of these adaptors is to provide the specific sequence to allow binding 

to the sequencing flow cell. Once the adaptor-primers have been incorporated to the 

samples, the library is then ready to be sequenced (figure 4.1 m). Each task above is 

achievable by a single researcher, making this screening technology quite applicable 

and accessible for small scale or medium scale assay throughput. 
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Figure 4.1: Schematic of entire procedure pertaining to CRISPR screens. a) The plasmid 

library is acquired in its pure form, or in a bacterial stab if it is a single plasmid. b) The 

library is electroporated into bacteria. No electroporation is necessary if plasmid is received 

in a bacterial stab. c) The library is amplified on agar plates, or on liquid culture if it is a 

single plasmid culture. d) The bacteria is lysed, and the amplified library extracted via 

MaxiPrep. e) Library plasmid is then used in conjunction with lentiviral packaging 

plasmids such as PS-PAX2 and VSV-G to transfect 293T cells which in turn create 

lentivirus. f) Lentivirus is harvested and filtered. g) The virus is tittered in a functional 

assay using the same cell line which will be used for the CRISPR screen. h) MOI is 

calculated based on a ratio of volume of virus to number of live cells post selection. i) Virus 

is used for CRISPR screen at a MOI of 0.3-0.4. j) Screen cells are harvested at different 

time points throughout the screen. k) DNA of harvested cells is extracted and purified. l) 

Library is amplified from genomic DNA by PCR1, and adapted for sequencing by PCR2. 

m) Adapted library is sequenced. 
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4.3 Advantages of Utilizing CRISPR Technology 

The CRISPR technology has many advantages. Firstly, its versatility allow it to be 

employed in many types of research. It can also be scaled up or down to the needs of 

the researcher. For example, whole exome libraries exist for large pooled assays in 

which each of the targets in the pool either knock out a gene, or activate a gene. These 

pooled assays thus allow researchers to query the entire exome in only one experiment. 

Smaller libraries also exist, or can easily be developed, for the pooled testing of smaller 

regions in the genome. The CRISPR-Cas9 targets can also be delivered individually 

for single gene knock out assays.  

The use of CRISPR technology is also relatively researcher friendly. As CRISPR 

uses DNA sequences to guide the Cas9 to the desired target, it is easier to work with 

than RNA based guides. The 20 base pair guide sequences makes the directed knock 

out quite specific and little off-target effect has been documented (6), off-target effects 

have been an issue with RNAi and zinc finger screens (9). Also, DNA is, in general, a 

more stable structure and the output of the CRISPR screens is DNA which is ultimately 

sequenced. Where knock outs can be confirmed through Sanger sequencing in a timely 

and cost-effective manner, knock downs induced by RNAi, on the other hand, must be 

confirmed through western blot and qPCR. Finally, the Cas9 nuclease makes complete 

knock outs possible as it keeps cutting at the target region even if it is restored. 

Complete knock out cannot be achieved through RNAi knockdown.  
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4.4 Disadvantages of Utilizing CRISPR Technology 

Though the CRISPR-Cas9 technology is a wonderful asset to the scientific research 

community, it is not without its challenges. To maintain the diversity of a large pooled 

library, many copies of each target must be maintained per screen. The GeCKO library, 

for example, has 120,000 target sequences and to maintain the diversity of this library 

hundreds of thousands of cells more are required to prevent the loss of individual guide 

sequences. This can present a challenge in terms of tissue culture. Mainly, some cell 

lines grow multiple times faster than other cell lines. The ovarian cell lines most 

representative of HGSOC tumors have doubling times between 24 and 48+ hours. 

Therefore some cell lines take much longer to get to the needed number of cells to start 

a large pooled CRISPR assay with a large library and proper coverage thus increasing 

the time of tissue culture labor and cost. The higher the coverage, the more statistical 

power to detect significant differences between the elements of the library. Because the 

knock out assay depends on proper cell division to detect the effect of the targeted 

knock out, performing large scale assays is best achieved with easy-to-work-with fast 

dividing immortalized cell lines. These cell lines, however, may not be representative 

of the specific disease under study. In our case, the ovarian cell lines most closely 

resembling HGSOC and the high risk subtype were difficult to grow to the number of 

cells needed for a whole exome screen at a very high coverage of 300X. To get around 

this problem, we set our coverage to 50X to greatly reduce the number of cells needed 

for our pooled assay.  

   Another challenge typically encountered in the preparation of large libraries for 

sequencing is PCR over-amplification. The primers designed to adapt to sequencing 
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technology can have unexpected effects when amplifying the samples at a large number 

of cycles. Essentially the primers may stop binding properly and begin forming non-

specific products. It is suspected that this is caused by the overlapping of primer 

sequences due to improper denaturation when a high number of PCR cycles is used. 

The optimization of the post-screen library preparation may then prove time consuming 

depending on primer design.  

 

4.5 CRISPR Assay to Find Targets Sensitizing high risk Subtype To Cisplatin  

We used the GeCKO v2 library to find targets which sensitize the high risk cell 

line, 59M, to cisplatin. Our screen was set up to test two conditions, with and without 

cisplatin treatment. With these two conditions, we can subtract the genes which are 

essential to the cells’ survival (in the no-cisplatin condition) from the list of genes that 

had a high lethal effect when knocked out in the cisplatin screen. The resulting list of 

genes will then be our set of candidate genes mediating cisplatin resistance, each to be 

validated by creating single gene knock out vectors for repeat testing in arrayed format. 

For example, all high risk cell lines will be transduced  by the same single knock out 

virus for gene X and single clones isolated for each of the cell lines. The cisplatin 

response of the X-knock-out cell lines will then be evaluated. If the X-knock-out cell 

line presents a significantly lower cisplatin IC50 it is then considered a validated hit. In 

this manner, genes that sensitize multiple of the high risk cell lines in single knock out 

assays will then be presented as validated targets for the development of new 

therapeutics in treating platinum resistant HGSOC patients.  
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To achieve 100x coverage of the elements in the screen, 12 million cells must 

be transduced, however, with the transduction of the cells done at an MOI of 0.4 we 

expect roughly 60% of the cells to die once puromycin selection is introduced. For this 

reason it is necessary to plate many more cells per viral particle, thus we plated 30 

million cells per condition of the screen, totaling 60 million cells. Cells were transduced 

24 hours after plating, and puromycin selection began 48 hours post transduction and 

continued for 96hours (figure 4.2). At the end of puromycin selection, the cells were 

pooled and a portion of them harvested and snap frozen for later DNA extraction and 

sequencing. This first harvest thus marks the first time point of the screen. The cells 

were then plated back and, after the cells had attached, half were treated with cisplatin 

at the IC20 dose (4.07 µM). Two more harvests were collected for each condition at 7 

days and 14 days after the first harvest and snap frozen separately.  

 

Figure 4.2: Schematic of CRISPR screen using GeCKO v2 Lentiguide Puro library. Cells 

were pooled until the end of Puromycin selection and first harvest. After first harvest, cells 

were split into two parallel assays one with cisplatin treatment at IC20. 
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Once samples from the CRISPR pooled assays have been collected, the library 

of guide RNA sequences must be amplified from genomic DNA. First, we extracted 

the DNA from the frozen cell samples by using QIAGEN DNeasy Blood and Tissue 

Kit. We then calculated the amount of genomic DNA that would be needed to maintain 

the diversity of the library and a coverage of 50x. 120k targets times the coverage (50x) 

yields the number of cells needed for DNA extraction (6x106 cells). At 6.6 pg per cell, 

a total of 40 µg of DNA per time point is required to maintain a 50x coverage. Total 

DNA extracted per sample was calculated at 63.5 µg at t=0, 120.3 µg at t = 7 –no 

cisplatin assay and 25.18 µg –cisplatin assay, 51.4 at t = 14 –no cisplatin assay and 

27.41 µg –cisplatin assay. Each sample then had 4 technical replicate PCR reactions, 

at 10ug per reaction, with the exception of the samples harvested at days 7 and 14 of 

the cisplatin assay which had 3 replicates each. We believe this a direct effect of the 

cell’s stunt in growth even after exposure to a relatively small dose of cisplatin. In a 

replicate assay we may collect samples at later time points to better evaluate the cell’s 

recovery after cisplatin treatment. 

The design of the primers for the first PCR reaction (table 4.1) was adapted 

from the original Zhang’s laboratory publication and website (6, 7). The expected size 

of the amplified PCR product is of 288 base pair. We tested the performance of the 

primers on a small portion of the amplified library, as well as a spare sample of spare 

extracted DNA from the screen were taken and run at 25 PCR cycles. We then verified 

the product on a gel (not shown), extracted and sent for Sanger sequencing as a second 

form of verification. Both the Forward Primer and the Sanger primer 1 bind to a region 

of the U6 promoter of the amplified PCR product that lies upstream of 20 base pair 
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guide sequence and the gRNA scaffold. Both the U6 promoter and the gRNA scaffold 

sequences are constant across all constructs. The Reverse Primer binds slightly 

downstream of the gRNA scaffold leaving the entire scaffold sequence in the amplified 

product.  

Table 4.1: Forward and reverse primers for the amplification of the GeCKO v2 library 

from genomic DNA. The reverse primer contains an adaptor sequence, lowercase, which 

adds a reverse priming site for the second PCR reaction. Sanger primers for validation of 

PCR product.    

 

 
 

A second PCR reaction (PCR2) adds a new region to the gRNA guides 

amplified from the genomic DNA which adapts them for sequencing in an Illumina 

HiSeq platform. For this reaction we designed a set of primers (see table 4.2) with 

regions that bind to the sequencer. These primers were designed by taking the same 

guide-RNA binding regions as published in the genome-engineering page by the Zhang 

lab (6, 7) and adding an adaptor sequence. The expected size of the new amplified 

fragment is of 368 base pair. The amplified product is then verified on a gel (not 

shown), and via Sanger sequencing as was done with the product from PCR 1.  

 

Forward Primer Sequence

AATGGACTATCATATGCTTACCGTAACTTGAAAGTATTTCG

Reverse Primer Sequence

TCTACTATTCTTTCCCCTGCACTGTtgtgggcgatgtgcgctctg

Sanger Primer 1

GAGGGCCTATTTCCCATGATTCCTT

 Sanger Primer 2

ATACGTGACGTAGAAAGTAATAATTTCTTGGGTAG
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Table 4.2: Forward and reverse primer adaptor sequences. Highlighted in green is the 

barcode region, in red is the starting point of the sequence read, in brown is a stagger 

sequence, and in blue is the sequence which binds to the guide RNA fragments. 

Forward Primer sequences 

F01 
AATGATACGGCGACCACCGAGATCTACACTATAGCCTACACTCTTTCC
CTACACGACGCTCTTCCGATCTattcttgtggaaaggacgaaacaccg 

F02 
AATGATACGGCGACCACCGAGATCTACACATAGAGGCACACTCTTTCC
CTACACGACGCTCTTCCGATCTgactcttgtggaaaggacgaaacaccg 

F03 
AATGATACGGCGACCACCGAGATCTACACCCTATCCTACACTCTTTCC
CTACACGACGCTCTTCCGATCTcgagtcttgtggaaaggacgaaacaccg 

F04 
AATGATACGGCGACCACCGAGATCTACACCATGATCGACACTCTTTCC
CTACACGACGCTCTTCCGATCTtcgaatcttgtggaaaggacgaaacaccg 

    

Reverse Primer Sequences 

R01 
CAAGCAGAAGACGGCATACGAGATAAGTAGAGGTGACTGGAGTTCAG
ACGTGTGCTCTTCCGATCTtTCTACTATTCTTTCCCCTGCACTGT 

R02 
CAAGCAGAAGACGGCATACGAGATACACGATCGTGACTGGAGTTCAG
ACGTGTGCTCTTCCGATCTatTCTACTATTCTTTCCCCTGCACTGT 

R03 
CAAGCAGAAGACGGCATACGAGATCGCGCGGTGTGACTGGAGTTCA
GACGTGTGCTCTTCCGATCTgatTCTACTATTCTTTCCCCTGCACTGT 

R04 
CAAGCAGAAGACGGCATACGAGATCATGATCGGTGACTGGAGTTCAG
ACGTGTGCTCTTCCGATCTcgatTCTACTATTCTTTCCCCTGCACTGT 

 

The design of these primers includes a stagger sequence, highlighted in brown, to aid 

the sequencing platform’s performance. The stagger keeps the sequencing computer 

from compiling errors as it moves from sequencing the constant region to the unique 

barcodes of the constructs. Furthermore, though the PCR2 reactions are prepared 

separately for each sample, all samples are pooled prior to sequencing. Therefore, these 

primers also include a barcode region, highlighted in green, which will be used to index 

and differentiate the reads from each of the samples post sequencing. To check for PCR 

induced bias, two uniquely barcoded PCR2 reactions can be performed. 

 We’ve found the library preparation and to be quite sensitive to the number of PCR 

cycles when adapting the library for Illumina sequencing. At high PCR cycles, a non-
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specific product of roughly 500 base pair in in size begins to overcome the desired 

product of 368 base pair. To purify the sample, two size selection techniques were 

attempted without much success. The first size selection technique we attempted was 

using the QIAquick Gel Extraction Kit. Though the gel extraction is relatively straight 

forward, we found that most of the adapted library was lost in the extraction. The loss 

of DNA, as well as an enrichment for a larger product, was noticeable when run on an 

agarose gel pre-and post-purification (not shown). The loss of adapted library was also 

verified trough qPCR. Size selection using a Pippin Size Selection robot also results in 

significant loss of DNA as shown in figure 4.3. In 4.3 a) the tape station results for a 

single sample is displayed; the desired product, enclosed by a red triangle, is more 

abundant than the byproduct observed at roughly 500 base pair. Using the Tape Station 

software the concentration for the desired size range (highlighted in red) was calculated 

and the samples were pooled according to the region specific concentration. All 

samples were pooled and 48 ng of the pooled samples underwent Pippin size selection 

at a range of 300-450 base pair. Most of the sample was lost in the selection process. 

(figure 4.3 a-b) Of 48 ng loaded for selection, only 3.27 were recovered. Not only do 

we find this process highly inefficient, the loss of DNA raised our concern of how these 

size selection techniques could significantly reduce the complexity of the library if 

unknown interactions exist with the sample.  
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Figure 4.3: a) Tape station result of individual sample of amplified library from 

genomic DNA prior to pooling and pippin selection. Desired product is enclosed by 

red rectangle and the target range for size selection was set to 300-450 base pair. b) 

Tape station results of pooled CRISPR assay samples post pippin selection. Almost 

entire sample lost in selection process.   
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Though one solution would be to perform more technical replicates and size 

selections for each sample, it is unclear whether some secondary interactions are 

occurring in the selection process which could account for the enrichment of products 

larger than those selected. Therefore it is in our best interest to amplify the adapted 

library only enough to avoid the formation of the larger product. At a high number of 

PCR cycles the non-specific product overwhelms the desired product (figure 4.4 a) & 

b). Even in the pure plasmid library acquired from Addgene the non-specific product 

is present at 25 PCR cycles but not at 15 (figure 4.4 c and d), suggesting that the product 

is due to unpredicted interactions between the primers of the samples and not to non-

specific binding of the primers. A significant reduction of the PCR cycles greatly 

reduces the non-specific product (figure 4.4 b). We thus believe than running a lower 

number of PCR cycles to prevent the formation of the larger product is a much more 

efficient method for preparing the library for sequencing. Not only do we prevent the 

formation of an undesired byproduct, we also eliminate the need to size select the 

library and thus reduce concerns of losing complexity in the samples.     
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Figure 4.4 Tape Station results of samples amplified at 25 and 15 PCR cycles. a) Sample 

1A originates from cells harvested at time point t=0 of CRISPR screens. Desired product 

of ~370 base pair in length is enclosed in red rectangle. Non-specific product overwhelms 

PCR reaction.  Sample is amplified 25 times. b) Sample 1A amplified 15 times. Desired 

product of ~370 base pair is enclosed in red rectangle. Non-specific product formation is 

greatly reduced. c) Pure plasmid pool sample amplified 25 times. Non-specific product 

present at~500 base pair, desired product is enclosed in red rectangle. d) Pure plasmid pool 

sample amplified 15 times. Almost no non-specific PCR product developed.  
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4.6 Discussion and Future Directions 

The CRISPR-Cas9 genome editing technology is a powerful tool which we are 

using for the identification of gene targets which sensitize cell lines of the high risk 

subtype to cisplatin. At the current state of this project, we are currently expecting to 

receive the sequencing results from the IGM Genomics Center at UCSD. Upon 

receiving the sequenced data, the sequencing reads will be mapped to the library 

constructs. Each of the constructs in the library will then be ranked by their abundance 

at each of the time points. In comparing the list of constructs whose presence is 

significantly reduced, or eliminated, between the cisplatin and the no-cisplatin assays 

we will be able to identify genes which modulate cisplatin resistance. In subtracting 

the list of essential genes in the no-cisplatin assay to the list of constructs which 

dropped out of, or are significantly reduced in, the cisplatin-treated assay we will have 

a list of potential genes which, when knocked out, sensitize the cell to cisplatin. These 

targets would then be validated in single knock-out screens, which follow the same 

procedure as depicted in figure 4.1. Genes that validate would then become confirmed 

and/or new targets for the development of new therapeutics which could improve 

patient’s response to platinum therapy.  

It would be interesting to model a new CRISPR assay in the standard risk cell lines 

and test for overlap in the genes which induce cisplatin resistance and the genes in the 

high risk network. An overlap between the genes in the network the high risk subtype 

and cisplatin resistance-inducing genes in the standard risk subtype would then further 

support the significant effect of network interactions. Furthermore, if the top ranking 

genes, genes which induce resistance when knocked out, from our screen in the 59M 
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high risk cell line also overlap with the high risk network, it would solidify the 

existence of a signature of cisplatin resistance captured by the high risk network found 

from Network-based Stratification. 

Parts of the thesis are currently being prepared for publication under the 

proposed name of article, “A platinum-resistant cancer subtype defined by a network 

of gene mutations” Bojorquez-Gomez, Ana; Shen, John P.; Hofree, Matan; Huang, 

Justin K.; Ideker, Trey. 
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