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ABSTRACT 

 

ROBERT SCHLEIFER 

A Data-Mining Strategy That Identifies Drugs and Genes Associated With 

Anti-Cancer Drug Sensitivity 

(Under the direction of JIN-XIONG SHE) 

 

The success of cancer therapy for patients often hinges on the responsiveness of the 

cancer cells to therapeutics. Drug resistance to anti-cancer therapeutics, both intrinsic and 

acquired, has important clinical and scientific significance. Identification of drug 

resistance genes using traditional methodologies and translation of those findings to the 

clinic has proven challenging. We developed a predictive data mining-based 

bioinformatic framework using public patient data and high-throughput cancer cell drug 

screening data. This information was used for genome-wide rankings of putative drug 

resistance genes. Prominent drug resistance genes (e.g. ABCB1, EGFR, and AXL) were 

successfully identified by the pipeline, additional genes hypothesized to be novel drug 

resistance genes were then investigated. Experimental confirmation of the novel genes 

using knockdown technologies indicated a propensity for of decreased 

proliferation/viability of cancer cells and increased sensitivity for anticancer compounds 

after knockdown much like known drug resistance genes. We then assessed the potential 
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of each gene as an anti-cancer therapeutic target by exploring how gene knockdown 

behaved with clinical anticancer compounds. A second arm of the data-mining pharmaco-

genomic strategy involved identification of candidate compounds that decrease 

expression of drug resistance genes. Using the drug resistance gene AXL as a proof-of-

concept, three compounds were identified that decreased AXL expression at sub-

micromolar concentrations. These compounds were characterized using microarray and 

cell signaling studies and found to decrease cell cycle signaling as well as activity of the 

Akt, mTOR, and ERK pathways. This study illustrates a novel approach for rapid and 

efficient identification of drug sensitivity genes or gene expression altering compounds 

utilizing bioinformatic data-mining.  
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I. INTRODUCTION 

A. Statement of the Problem  

Cancer is a wide-spread disease. Each year 1.5 million patients are diagnosed with cancer 

and 595 thousand individuals die from the disease in the United States (Siegel et al., 

2016). The percentage of patients diagnosed that survive the disease has been improving 

due to advances in medicine. Many patients still fail to respond to treatment plans, and 

others suffer from adverse short-term and long-term side-effects (Miller et al., 2016). 

Understanding why cancer drugs fail or why cancers develop drug resistance could 

provide needed information to optimize treatment strategies. This knowledge could 

prevent patients from developing anticancer drug resistance or reverse drug resistance for 

improved treatment in other patients.  

 

Anticancer drug resistance is a multi-faceted problem that describes non-responsiveness 

to therapy. While a well-studied problem, little insight from research has made its way to 

the clinic to impact clinical decision-making, partially due to the complexity of the 

problem. Two factors contribute to this complexity: First, numerous factors 

(physiological, cellular and molecular) can impact the effectiveness of an anti-cancer 

drug. Second, each anticancer treatment or cancer can represent a unique type of 

resistance—which multiplies the potential contributing variables. Theoretically, drug 
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resistance could be avoided by prescribing the optimal medicine at the first treatment. 

This requires a detailed knowledge of the molecular characteristics of each patient’s 

cancer and the implications of them on drug response. This approach is defined as 

personalized or precision medicine. This strategy promises more effective and efficient 

treatment strategies, but usually requires a more informed knowledge of the molecular 

environment than is currently available. 

 

Identification of genes that could serve as biomarkers or therapeutic targets for 

personalized medicine is a time-, labor-, and cost-intensive process. (as is the 

development of therapeutics that act on those genes to provide actionable treatment 

solutions). Use of data-driven strategies can expedite the process. We used a 

bioinformatic data-mining approach that leveraged patient data from clinical studies 

(such as the TCGA) alongside high-throughput cell line drug screen data (such as the 

NCI-60) for our analysis. This approach allowed identification and experimental 

confirmation of novel genes related to drug resistance. Additionally, we explored the 

feasibility of altering the pipeline to identify specific compounds that could alter 

expression of the drug resistance gene AXL as a prototype of drug discovery using data-

driven methods. 
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B. Review of Relevant Literature 

1. Drug Resistance Has Diverse Molecular Mechanisms 

Drug resistance can be defined as the failure of a compound to reach the intended 

outcome due to an interfering mechanism. Anti-cancer drugs typically exploit 

sensitivities of cancer cells. Typically, a drug will suppress proliferation or induce cell 

death. Resistance mechanisms can interfere with these results in a manner general to the 

anti-cancer drug effect or in a manner specific to a given mechanism. The mechanism by 

which resistance is conferred can be intracellular or extracellular, and categorized as 

intrinsic or adaptive. Intrinsic resistance (or primary resistance) refers to a previously un-

treated tumor that fails to respond to treatment. Acquired resistance is usually where 

adaptation during (or because of) treatment as well as cases where a selection of a 

resistant subset of cells occurs. Selection refers to a resistant subset within the 

heterogenous cell population expanding in number. Acquired resistance can manifest 

clinically as a recurrence of the cancer.  

 

Several types of molecular differences are thought to be the causative force behind drug 

resistance. This study is focused on resistance that can be detected by gene expression 

changes. However, other sources of resistance beyond the scope of this study are 

described briefly in this paragraph. Extracellular sources of resistance include systemic 

mechanisms that interfere with pharmacokinetic or pharmacodynamic properties of a 

compound such as the absorption, distribution, metabolism, and excretion of the drug. 
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Extracellular mechanisms can be described as physiological or genomic. The tumor 

micro-environment can impact availability of a compound to the tumor, yet the tumor 

cells lack detectable cellular signaling changes to explain the resistance (Holohan et al., 

2013). Some extracellular drug resistance mechanisms can drive intracellular signaling 

changes. For example, drug resistance related to hypoxia in a tumor that has outgrown its 

vascularization will manifest cell signaling changes of hypoxia related genes (Jia et al., 

2015).  

 

Intracellular molecular changes can drive cancer drug resistance by several molecular 

mechanisms. These include DNA mutation (Hughes et al., 2006; Sturm et al., 2003), 

DNA methylation (Chen et al., 2015; Yan et al., 2016), microRNA expression (Duan et 

al., 2016; Fischer et al., 2015), or altered post-translational modification of protein 

(Gruber et al., 2017). DNA mutations related to drug resistance often effect the proteins 

in resistance pathways or the drug target itself:  for example, mutation of amino acids 

associated with drug-protein interfacing site. Imatinib (Gleevec) has shown susceptibility 

to DNA mutations of the active site of target protein BCR-ABL rendering the treatment 

near useless (Hughes et al., 2006). Mutations impacting generalized survival pathways 

can also influence chemoresistance, for example mutation of p53 can lead to drug 

resistance to many chemotherapeutics (Sturm et al., 2003). As mutations can drive 

acquired drug resistance, the mutagenic properties of anti-cancer drugs should be a 

consideration for treatment plans. Some anti-cancer drugs that increase the mutation rate, 
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for example alkylating agents, could theoretically increase the likelihood of mutation-

based adaptive resistances. 

 

Intrinsic versus extrinsic/acquired resistance is differentiated by whether the resistance is 

present prior to treatment and innate to the cells (intrinsic) or developed during the 

natural history of the cancer or by the treatment (extrinsic). Intrinsic resistance are often 

related to the altered expression of drug resistance proteins, extracellular vesicles, 

inappropriate expression of the target protein, dysregulation of apoptosis, DNA damage 

repair, microenvironment, or factors related to cancer stem cells (CSCs) and tumor 

heterogeneity (Holohan et al., 2013). Acquired resistance are often changes in the drug 

targets by mutation, expression change, and post-translational modification, increased 

pro-survival or anti-apoptotic signaling, cross-talk or pathway switching across 

compensatory signaling pathways, and tumor heterogeneity (Holohan et al., 2013). 

Tumor heterogeneity is major factor in both types of resistance and continued expansion 

from positive selection of resistant cells can ultimately result in a drug resistant tumor 

(Tredan et al., 2007). 

 

Gene expression-based mechanisms of drug resistance can be sub-categorized into two 

major categories. First, resistance associated with decreased concentration of intracellular 

drug by efflux or metabolism. Second, cellular signaling that allows avoidance of 

anticancer drug mechanisms. Traditional chemotherapeutics are notably susceptible to 

drug efflux and metabolism related drug resistance, while many of the targeted 
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therapeutics and tyrosine kinase inhibitors appear more susceptible to cell signaling 

changes (Khamisipour et al., 2016). These mechanisms can be summarized by their 

signaling impact on specific cancer pathways (Figure 1). Cellular signaling associated 

with drug resistance often includes 1) activating pro-survival signals, 2) promoting 

invasive or EMT phenotypes, 3) utilizing pathway redundancy, 4) bypassing oncogenic 

pathways, or 5) de-regulating apoptosis (Holohan et al., 2013). Mechanisms related to 

intracellular drug availability include 6) decreased drug accumulation, 7) decreased drug 

influx or intracellular trafficking, 8) increased efflux, and 9) enzymatic inactivation of the 

compound (Gonzalez-Angulo et al., 2007). These categories will be described in greater 

detail in subsequent sections. 
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Figure 1: Drug Resistance Signal Transduction 

Overview of key signal transduction pathways with known genes implicated in 

conferring drug resistance. These cellular signaling include several of the major cancer 

signaling pathways and induce signals that result in apoptosis, proliferation, and cancer 

stem cell (CSC) characteristics. Adapted from (Holohan, Nat Rev Cancer 2013) and 

(Khamispour, Tumour Biology 2016) 
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2. Multi-Drug Resistance and Efflux Pumps 

P-glycoprotein/MDR1 (P-gp) is the best-known drug resistance gene. It serves as a model 

gene of efflux related drug resistance genes. MDR1 was identified as transferring 

resistance to a large number of anti-neoplastic compounds by 1970 (Biedler and Riehm, 

1970). Within the decades following, many of the identified drug resistance related genes 

were also drug efflux or metabolism related mechanisms involving genes of the families 

MRP (multi-drug related protein), BCRP (breast cancer resistance protein), LRP (lung 

resistance protein), SLC (solute carrier) and XME (xenobiotic metabolizing enzyme) 

(Khamisipour et al., 2016). These and alterations to topoisomerase activity were among 

the first identified drug resistance mechanisms (Sugimoto et al., 1990). Early drug 

resistance genes were largely identified using in vitro exposure to anti-cancer drugs. 

Clinical observation indicates a strong association between of P-gp expression with 

decreased response to chemotherapeutics via efflux (Linn et al., 1997). Within the body, 

some cells natively express P-gp, but expression levels are not nearly as profound as 

observed when expression is induced by treatment with chemotherapeutics (Pusztai et al., 

2005). 

 

These efflux mechanisms of drug resistance have a high degree of cross-resistance as 

numerous chemotherapeutics share susceptibility (Gottesman et al., 2002). Many of the 

chemotherapeutics developed in the mid- to late-twentieth century have mechanisms that 

curb cancer growth by interfering with nucleic acid replication or cell division and thus 

preferentially targeting rapidly-dividing cells and thus share similar weaknesses.  
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Additionally, combinatorial approaches using multiple chemotherapeutics can directly 

contribute to the development of drug resistance (Zahreddine and Borden, 2013). 

 

Attempts to develop therapies that bypass drug resistance by inhibiting MDR have 

progressed to clinical trials (Shukla et al., 2011). Among them are verapamil, a calcium 

channel blocker used clinically for other conditions, the natural product curcumin, and 

compounds developed specifically for inhibiting MDR1: tarquidar (XR9576) and 

zosuquidar (LY335979) (Pusztai et al., 2005; Ruff et al., 2009). These trials did indicate a 

stronger effect of chemotherapeutics in combination with MDR1 modulators, establishing 

a proof of concept for a combination approach to bypassing drug resistance by targeting 

resistance genes (Shukla et al., 2011). However, there are concerns that the strategy of 

targeting MDR1 may never significantly improve outcomes because the gene expression 

is more relevant in vitro than in patients (Holohan et al., 2013).  
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3. Switching or Blocking Signaling Pathways Induces Drug Resistance 

A second prominent form of drug resistance involves alterations of signaling pathways. 

These pathways include 1) Receptor Tyrosine Kinase (RTK) signaling (Byers et al., 

2013; Wilson et al., 2012), 2) PI3K/Akt (Arlt et al., 2003; Mao et al., 2013), 3) Wnt, 4) 

Ras/Raf (Nazarian et al., 2010), 5) MEK/ERK (Muranen et al., 2016), 6) p38 MAPK 

(Johannessen et al., 2010; Muranen et al., 2016), 7) NF-κB/STAT3(Arlt et al., 2003; 

Canino et al., 2015), 8) Markers of Cancer Stem Cells (CSC) (Iyer et al., 2013; 

Vinogradov and Wei, 2012) and 9) Epithelial-to-Mesenchymal Transition (Fischer et al., 

2015; Zhang et al., 2012a) are all associated with cancer drug resistance (Figure 1). These 

pathways are drivers of survival, proliferation, invasion, and metastasis and are 

instrumental in the gene regulation governing proliferation and apoptosis. Resistance to 

apoptosis is a hallmark of cancer (Hanahan and Weinberg, 2000, 2011), and a major 

contributor to drug resistance. 

 

Targeted therapeutic drug resistance especially drugs targeting tyrosine kinases are more 

susceptible to resistant mechanisms based on cell-signaling changes compared to efflux 

or multi-drug resistance (Khamisipour et al., 2016). Cell signaling shifts through pathway 

redundancy is often implicated. Avoidance of apoptotic response occurs by these 

adaptive responses and signaling switching (Muranen et al., 2016; Sergina et al., 2007). 

The pathways mentioned are among the key drivers of cancer, and targeting one can 

result in resistance developing from pathway switching of other pathways. For example, 

targeting RAF and MEK can lead to MAPK related resistance (Johannessen et al., 2010). 
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Indeed, many of the pathways associated with resistance are themselves frequently cancer 

therapeutic targets.  

 

Two characteristics of cancer that impact drug resistance are cancer stem cells (CSCs) 

and the epithelial-mesenchymal transition (EMT). Cancer stem cells (CSCs) are closely 

linked to concepts of tumor heterogeneity. Less proliferative than their differentiated 

neighbors, these cells have an intrinsic resistance to many cancer drugs that target rapidly 

proliferative cells exclusively such as chemotherapeutics. CSCs have a greater plasticity 

that confers resistance by promoting pro-survival and anti-apoptotic properties (Bagrodia 

et al., 2012; Hoek and Goding, 2010). CSCs intrinsically have resistance to apoptosis and 

death pathways (Safa, 2016), and possess increased activity of ALDH (associated with 

drug metabolism) and efflux molecules (Canino et al., 2015; Gruber et al., 2017).  

 

The epithelial-mesenchymal transition (EMT) is related to certain types of drug 

resistance and causes an increase in a cancer cell’s pathology, plasticity, and propensity 

of metastasis and invasion of other tissues. EMT acts through cell signaling changes of 

many pathways including ERK, MAPK, PI3K/Akt, SMAD, integrins, and TGF-β. EMT 

functions to change cell interactions associated with E-cadherins, β-catenin, and MMPs 

(Kalluri and Weinberg, 2009). EMT overlaps with drug resistance pathways impacting 

chemoresistance beyond the higher propensity for metastasis often associated with EMT 

(Druker et al., 2006; Fischer et al., 2015; Zheng et al., 2015). 
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4. AXL, A Signaling-Based Drug Resistance Gene 

AXL is a drug resistance gene that is heavily involved in signaling-based drug resistance. 

It represents a promising therapeutic target for various cancers, and has several 

compounds or treatment strategies currently in development. As a receptor tyrosine 

kinase, AXL has a broad impact on diverse signaling networks (Figure 2). These include 

PI3K/Akt and Ras/Raf/MEK/ERK which are of prime significance in cancer 

proliferation, survival, invasion, and motility (Antony and Huang, 2017). Functionally, 

AXL promotes proliferation through the MAPK/ERK pathway (Fridell et al., 1996) and 

survival through Gas6-dependent signaling on PI3K/Akt pathways (Goruppi et al., 1997). 

These pathways dramatically impact cancer progression and cancer aggressiveness. AXL 

promotes and is associated with induction of the epithelial-mesenchymal transition 

(EMT), with downregulation of AXL potentially reversing EMT properties (Asiedu et al., 

2014). EMT promotes high-grade malignancy as well as the invasiveness and metastatic 

potential of cancer (Hanahan and Weinberg, 2011).  

 

In oncology, AXL has up-regulated gene expression in several cancer types (Linger et al., 

2008). These cancer types include breast (Berclaz et al., 2001; Gjerdrum et al., 2010; Liu 

et al., 2009), leukemia (Neubauer et al., 1993; Rochlitz et al., 1999), lung (Shieh et al., 

2005; Wimmel et al., 2001), and prostate cancer (Paccez et al., 2013; Shiozawa et al., 

2010). Generally, higher AXL expression leads to a more aggressive cancer and poorer 

prognosis as it is associated with poorer patient survival (Dunne et al., 2014; Gjerdrum et 

al., 2010; Rochlitz et al., 1999).  
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AXL expression has been associated with drug resistance to numerous drugs and cancers. 

Reports of decreased efficacy include targeted therapies such as EGFR-inhibitors or TKIs 

(Byers et al., 2013; Giles et al., 2013; Gioia et al., 2011; Liu et al., 2009; Mahadevan et 

al., 2007; Meyer et al., 2013; Zhang et al., 2012b) as well as chemotherapeutics such as 

platinum compounds (Hong et al., 2013; Kim and Lee, 2014; Linger et al., 2013). 

 

AXL has potential as a therapeutic target for cancer treatment for single or combinatorial 

therapy. Its modulation or inhibition can theoretically reverse drug resistance, increase 

chemosensitivity, or oppose the oncogenic properties of AXL. Targeting AXL has been 

especially explored in breast (Holland et al., 2010; Leconet et al., 2017; Ye et al., 2010; 

Zhang et al., 2008), glioblastoma multiforme (Onken et al., 2016; Yen et al., 2016), and 

lung cancers (Yakes et al., 2011; Zhang et al., 2012b). Inhibition of AXL has been 

attempted through targeted TKIs (Holland et al., 2010; Sharma et al., 2013; Yakes et al., 

2011) as well as monoclonal antibody-based inhibition (Leconet et al., 2017; Leconet et 

al., 2013; Ye et al., 2010). R428 (BGB324) is an AXL-specific inhibitor that has gone to 

Phase I/II clinical trials (Holland et al., 2010). Several other TKIs inhibit AXL that are in 

clinical trials, but are more promiscuous towards other tyrosine kinases. These include 1) 

Foretinib [Phase II: targeting MET, VGFRB, AXL, RON], 2) Meresitinib [Phase I: 

targeting MET, MST1R, DDR1, TIE1, MER, TYRO3, AXL], 3) Bosutinib [Approved 

for Resistant CML: targeting BCR-ABL, ABL, SRC, YES, MEK, AXL, BMX], and 4) 

S49076 [Phase 1: targeting MET, AXL, MER, FGFR] (Antony and Huang, 2017). 
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Figure 2) AXL Signaling Pathways 
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5. Identifying Patterns of Anti-Cancer Drugs Using High-Throughput Screening 

Prior efforts for identifying drug-gene relationships have utilized the NCI-60 dataset. 

Because of its proven track record, it was explored for this study. The NCI-60 is a 

collection of sixty cell lines developed by investigators at the National Cancer Institute 

(NCI). In the mid-1980s, researchers developed the cell line panel. It was a shift from 

drug discovery models from leukemias and murine models that had historically been used 

towards solid tumors from a diverse set of tissues of origin (Shoemaker, 2006). Its 

development goals included emphasizing diversity of cell origin and avoiding the use of 

the ubiquitous Hela cell line (Gazdar et al., 1985). Inclusion of non-cancer immortal cells 

as a control was considered but rejected after the realization that fibroblasts were 

generally resistant to most anti-cancer drugs while renal epithelial cells were largely 

sensitive (Shoemaker, 2006). The finalized panel consisted of sixty lines from nine tumor 

origins: Breast, Colon, CNS, Leukemia, Non-small-cell Lung, Melanoma, Prostate, 

Ovarian, and Renal. Screening of thousands of anti-cancer compounds began to identify 

compounds that uniquely targeted specific cancer types. Screening was performed in 

triplicate at a rate of 10,000 compounds per year through the 1980s and 90s resulting in 

over 250,000 individual compounds being screened by the year 2000 and 400,000 by 

2005 after transitioning to a high-throughput strategy (Shoemaker, 2006).  

 

Computational analysis methods were developed to provide information about the 

compounds and cell lines. The mean graph and COMPARE algorithm were among the 

first tools developed for rapid dissemination of information about each compound (Paull 
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et al., 1989). Data were normalized to a Z-Score that set the GI50 average to zero and 

standard deviation to one. Researchers found comparing the Z-Score patterns of could 

identify drugs with similar mechanisms. Halichondrin B, a novel compound from natural 

sources, was found to be a tubulin inhibitor in this manner, and it was later shown to have 

unique features of non-competitivity with colchicine or vinblastine (Bai et al., 1991). The 

structure was modified to form the synthetic compound Eribulin mesylate (E7389) and 

was FDA approved for treatment of breast cancer in 2010 (Cortes et al., 2012).  

 

More robust bioinformatic strategies such as self-organizing maps, neural networks, and 

hierarchical clustering have been used for further characterization of the drug effects (van 

Osdol et al., 1994; Weinstein et al., 1992; Weinstein et al., 1997). Bioinformatics analysis 

such as these enabled the identification of bortezomib, the first identified proteasome 

inhibitor. Ranking among the 0.2% most potent anti-cancer compounds, bortezomib 

failed to cluster with the pattern of activity of any known anti-cancer mechanism of 

action (Adams et al., 1999). It was suspected and confirmed that bortezomib and 

compounds with similar effect patterns operated using a different mechanism than 

previously described. Bortezomib and proteasome inhibitors represent a novel class of 

anti-cancer treatment directly identified from NCI-60 research. 

 

The NCI-60 cell lines became a priority for molecular characterization. They became 

standard cohort for study with various high-throughput molecular techniques that explore 

protein, mRNA and microRNA expression, copy number, whole exon sequencing, and 
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methylation (Abaan et al., 2013; Liu et al., 2010; Meng et al., 2014; Moghaddas Gholami 

et al., 2013; Reinhold et al., 2017; Varma et al., 2014). Integration of the pharmacologic 

data with these high throughput studies make the NCI-60 data a unique environment for 

analysis. The sheer number of compounds screened makes the NCI-60 unique compared 

to similar studies that relate high-throughput assays with pharmacologic data. Examples 

of other datasets that feature larger panels of cell lines but fewer compounds screened 

include the Cancer Cell Line Encyclopedia (CCLE), Cancer Genome Project (CGP), 

Genomics of Drug Sensitivity in Cancer (GDSC), and the Cancer Therapeutics Response 

Portal (CTRP) (Barretina et al., 2012; Iorio et al., 2016; Seashore-Ludlow et al., 2015). 
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6. Integrated Pharmacology and Genomic Datasets as Functional Predictors 

Gene expression has been shown to have a higher predictive capacity upon drug 

properties than relationships predicted by correlations using CpG islands, alterations in 

regions of recurrent amplification/deletions, or mutations in cancer driver genes (Iorio et 

al., 2016). Multi-drug resistance protein (MDR1) coded by the gene ABCB1 was a top 

priority for drug-gene relationship identification and among the first genes studied using 

NCI-60 bioinformatics analysis. Drugs actively removed out of the cell by MDR1 

generally had negative correlations to the expression of ABCB1 across the NCI-60 cell 

lines. These negative correlations indicate an association between ABCB1 expression and 

reduced anti-neoplastic activity of the substrate compounds. Researchers hypothesized 

that compounds with the opposite pattern (positive correlation) of drug effect to ABCB1 

expression might be potential inhibitors or expression modulators of ABCB1. Several 

studies identified and verified compounds as modulators of the effect of ABCB1 using 

compounds with positive correlations to ABCB1 in the NCI-60 data (Alvarez et al., 1995; 

Ludwig et al., 2006; Szakacs et al., 2004). Drug-gene correlations have also led to 

discovery of novel genes associated with drug effect as exhibited by SLFN11 showing 

strong positive correlations with the effect of topoisomerase inhibitors. Functional 

verification indicated that gene expression of SLFN11 sensitizes cells to topoisomerase 

inhibitors, alkylating agents, and DNA synthesis inhibitors (Zoppoli et al., 2012). 
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II. MATERIALS AND METHODS 

Cell Culture  

OVCAR-8, A549, SN12C, MEL-2, and SKOV-3 cell lines were obtained from the DTP, 

DCTC Tumor Repository. Their identities were confirmed with DNA fingerprinting. Cell 

lines were cultured in 1640-RPMI (Lonza) with 10% Fetal Bovine Serum (Sigma), and 

1% Corning™ cellgro™ Antibiotic-Antimycotic Solution (Thermo Fisher) with 100 IU 

Penicillin, 100 µg/ml of streptomycin, and 250 ng/ml of Amphotericin B at 37°C with 

5% CO2. Experiments using 96-well plates utilized inner wells only with outer wells 

filled with PBS to minimize the effects of evaporation. Experiments using OVCAR-8 

cells were performed within five passages from passage six, which was obtained from 

DTP. Authentication of cell identity was performed using STR profiling and matched to 

known profiles in online databases. Cell lines tested negative for mycoplasma using 

Universal Mycoplasma Detection Kit (ATCC® 30-1012K™) (ATCC, Manassas, 

Virginia) following vendor protocols. 

 

Cell viability assay  

A mixture of 6μL of 1640-RPMI and 3μL Cell Counting Kit-8 (CCK-8) (Dojindo 

Molecular Technologies, Rockville, Maryland) was added to each well five hours prior to 
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measuring OD values at 450 nm using a multifunctional microplate reader (Bio-Tek). 

Cell-free negative control was set to 0% and the same-plate average positive control 

growth reading (mean of n=3) was set to 100%. The positive controls were sham treated 

with reagents relevant to each experiment (comparable DMSO concentration in 

experiments where drug testing was performed and/or equivalent knockdown reagents 

and protocols in the experiments using siRNA and shRNA.) 

Drug activity assays  

A library of 346 anti-cancer compounds that are FDA-approved for clinical use or for 

clinical trials was screened at a concentration of 100nM (Selleckchem, Houston, Texas). 

Identities are shown in Appendix A. Compounds were diluted and stored in DMSO prior 

to treatment of 96-well plates. Compounds were delivered in 1µL drug into 99µL of 

media to gain the indicated concentration. Comparisons of drug effect were performed 

using data generated in the same day. A minimum of two replicate screenings were 

performed with each gene knockdown-drug pair at each concentration for screening, and 

a minimum of three replicate screenings for all other tests. Student’s T-test (two-tailed, 

unpaired) was used to calculate p-values for comparison of drug effect between samples.  
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Gene Knockdown 

Sequences for siRNA and Taqman probes for qRT-PCR as well as product numbers for 

shRNA lentivirus for NCRank and AXL studies are listed in Appendix A. Gene 

knockdown using siRNA (Thermo Fisher) or shRNA (Santa Cruz) was performed using 

the manufacturer's instructions. siRNA was introduced into the cells using 

Lipofectamine® 2000 (Thermo Fisher). Serum-free, antibiotic-free 1640-RPMI media 

was utilized during knockdown. 30µL of Lipofectamine in 970µL media and 60µL of 

20µM siRNA in 940µL media were incubated separately for five minutes, then combined 

and incubated for 20 minutes. This mixture was added to 8mL of media containing 

2.5×105 cells/ml and plated in a 100mm plate yielding a final siRNA concentration of 

1.2nM. After 16 hours incubation, cells were resuspended and transferred to 96-well 

plates at a concentration of 4000 cells per well in 100µL of antibiotic-free, 10% FBS 

1640-RPMI. Inner wells of the plate were used for experimentation and outer wells were 

filled with water. In combination studies, drugs were added six hours after plating into 

96-well format. 

Knockdown efficiency was tested for each experiment at plating to drug plates and 

seventy-two hours after drug addition. qRT-PCR was used to confirm knockdown 

efficiency at each time-point. Gene expression levels determined by normalization of 

expression to the geometric mean of three reference genes (ESD, MRPL19, and IPO8) 

selected for their stability in expression (Wu et al., 2016).  
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Gene knockdown using shRNA lentiviral particle transduction: cells were plated in 

100µL of 1640-RPMI (antibiotic-free) in 96-well plate at 5x104/mL and incubated 12h. 

Cells were exposed to media containing 1µL of lentiviral particles and 5µg/mL polybrene 

for 24h prior to maintenance in antibiotic-free 1640-RPMI. Cell viability and knockdown 

efficacy was assessed 72h after initial exposure to the lentivirus. To establish and 

maintain stable cell lines selecting for knockdown cells were exposed to media 

containing 2µg/mL puromycin beginning 5 days after knockdown exposure with media 

replacement or expansion as necessary every 2-3 days. 

Western Blot 

Primary antibodies were anti-Rabbit used in 1:1000 dilution with TBST with 5% Bovine 

Serum Abumin (BSA). Antibodies obtained from Cell Signaling Technology (Beverly, 

MA, USA) included AXL (C89E7); GAPDH (14C10); AKT (9272); phospho-p44/42 

MAPK 1/2 (ERK1/2) (Thr202/Tyr204) (9101S); p44/42 MAPK 1/2 (ERK1/2) (137F5) 

(4695S); mTOR (2972S), phospho-mTOR (Ser2448) (2971s). Antibody against CD44 

(15675-1-AP) was obtained from ProteinTech Group (Chicago, IL). Secondary antibody 

was ECL Rabbit IgG, Horseradish Peroxidase (HRP)-linked whole Ab from donkey 

obtained from GE Healthcare Life Sciences (Pittsburgh, PA). 

Cells were grown in 6-well plates. Cell conditions were 1x105 cells/mL in a total volume 

of 3mL media, drugs added in a volume of 1µL DMSO at indicated concentration was 

added 6 hours after plating. Cells were grown for 72 hours and harvested off the plates 
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following trypsin treatment and washed using PBS. Cell pellets were lysed with M-PER 

Mammalian Protein Extraction Reagent supplemented with Halt Protease and 

Phosphatase Inhibitor Cocktail (Thermo Scientific, Waltham, MA). Protein concentration 

was calculated. Samples with high compound cytotoxicity required combining of 

experimental replicates to achieve adequate protein concentrations. The supernatant of 

lysates was separated in SDS-PAGE, transferred to PVDF membrane (Bio-Rad, USA) 

and then subjected to immunoblotting analysis. Membranes were blocked in 5% BSA-

TBST, washed in triplicate in TBST, incubated with primary antibody overnight at 4°C, 

washed in triplicate, and incubated with a 1:15,000 dilution of secondary antibody in 5% 

BSA-TBST. Immunoreactive bands were detected using an enhanced chemiluminescence 

system (Pierce, Rockford, IL). 

High-Throughput Real-Time qRT-PCR  

High-throughput real-time qRT-PCR was performed on the BioMark 96.96 Dynamic 

Array (Fluidigm) with TaqMan Gene Expression Assays (Applied Biosystems). An 

aliquot of total RNA was converted to cDNA through a High Capacity cDNA Reverse 

Transcription Kit (Applied Biosystems), and pre-amplified with pooled gene assays. 

Preamplified cDNA was loaded into BioMark Dynamic Array chips using the NanoFlex 

IFC controller. Threshold cycle, as a measurement of relative fluorescence intensity, was 

directly used in data analysis after normalization to the geometric means of three 
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preselected reference genes: ESD, IPO8, and MRPL19. Technical reproducibility was 

examined using a pooled cDNA sample aliquot. 

Microarray Analysis 

Gene expression profiling was performed using the HumanRef-8 Expression BeadChip 

(Illumina, San Diego, CA). The BeadChip targets ∼24,526 probes. Probe preparation and 

hybridization were carried out according to manufacturer’s recommendations. All 

analyses were performed using the R statistics package and environment for statistical 

computing (www.r-project.org). The lumi package in R was used for preprocessing and 

normalization of the microarray data using variance stabilizing transformation and robust 

spline normalization. Probes not detected in >50% of the samples were excluded from 

further analysis. After transformation and normalization, differences between gene 

expressions on microarray were compared using fold change and significance was 

estimated using Bonferroni adjusted p-value.   

NCI-60 and Correlation Rankings 

NCI-60 Drug GI50, Drug Z-scores, Microarray Gene Expression, and Gene Expression Z-

scores were obtained from CellMiner™ (http://discover.nci.nih.gov/cellminer/). Pearson 

correlations were calculated between all genes and all compounds in the NCI-60 dataset 

using R software. Correlations were performed between the gene expression z-score and 

the drug GI50 z-score. The complete list of NCI-60 subsets that correlations were used in 
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this study for are as abbreviated: F-, LE-, and LCME-. The group “F-“ utilized data from 

the “Full” set of all sixty cell lines, and is identical to those that can be obtained using the 

CellMiner™ website. “LE-“ or “leukemia excluded” is a correlation that consisted of 

only the data from the fifty-four non-leukemia cell lines. Leukemia, colon, and melanoma 

excluded, dubbed “LCME-“, was used for correlations for identifying compounds 

correlated to AXL. 

Gene Selection 

Genes were ranked based on the sum of negatively correlated compounds with 

correlation R < -0.500. This was done for -F, -LE, and -LCME cell line groups. Further 

filtering of the top genes looked at: 1) Genes with low differential expression across the 

NCI-60 cell lines were excluded (eliminating most non-coding genes and pseudogenes). 

2) Genes with larger propensities for altered expression or altered survival in patient 

samples were preferentially selected. This was determined using three sources of patient 

gene expression data. A) The TCGA gene expression comparing cancer to normal control 

utilizing RNAseq data (IlluminaHiSeq: log2-normalized_count+1) which was 

downloaded from Xena browser (https://xenabrowser.net/datapages). B) Cancer versus 

adjacent normal data from Oncomine™ (Rhodes et al., 2007) was used for exclusion of 

genes with few expression changes. Using the thresholds of P-Value (1E-4), Fold Change 

(2), Gene Rank (Top 10%), across all data, we identified significant observations for gene 

expression changes for high ranking genes, and excluded any genes with expression 
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changes in fewer than 4 studies. C) Kaplan-Meier meta-analysis of plots of patient data 

from clinical studies performed using the default settings of the 2017 edition of 

kmplot.com (Szasz et al., 2016). The observed Hazard Ratios (HR) of the four cancer 

types (Breast, Ovarian, Renal, Lung). 

Compound Selection 

The compounds used for drug-discovery studies such as the AXL study identified 

compounds with extreme correlations to specific genes using various sets or subsets of 

the NCI-60 data (F-, LE-, and LCME-). Compound selection was limited by availability 

of compounds that are distributed by the NCI dispenser. These compounds were given a 

“NPC-“ identifier (NCI Procured Compound) and were obtained from the Drug Synthesis 

and Chemistry Branch, Developmental Therapeutics Program, Division of Cancer 

Treatment and Diagnosis, National Cancer Institute. 

Gene Ontology and Network Analysis  

Gene sets were analyzed using QIAGEN’s Ingenuity Pathway Analysis (IPA®, QIAGEN 

Redwood City). Cytoscape 3.2.1 was used to assess the association of Gene Ontology 

terms (biological processes) to the 260 genes. Enrichment of LE-NCR and F-NCR gene 

ontology was performed using the Cytoscape app ClueGO v. 2.2.2 with GO Term Fusion 

for limiting ontologies shown (Bindea et al., 2009; Shannon et al., 2003). A p-value 
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based on the hypergeometric test was computed to assess whether the number of genes 

associated with the term is larger than expected. 

Statistical Analyses  

Statistical analyses were performed using the R language and environment for statistical 

computing (R version 3.3.1; R Foundation for Statistical Computing) (www.r-

project.org) and Microsoft Excel. Student’s T-test (two-tailed, unpaired) was used to 

calculate p-values for confirmation of drug effect. GI50 values were calculated using a 

four-parameter logistic function to obtain a classical “s” curve for drug titrations using 

SigmaPlot (Systat Software, San Jose, CA). Heatmaps were created using the R package 

“pheatmap”. Clustering was done with WPGMA hierarchical clustering.  

Classification of Combinatorial Interactions 

Values were calculated for same-plate sham control (set to 100%), no cells (set to 0%), 

VA (drug only), VB (knockdown only), VA×VB (expected combinatorial result), and VAB 

(actual combinatorial result). Combinatorial effects were classified using two measures of 

combinatorial action: 1) the coefficient of drug interaction (CDI), defined as (VAB / 

(VA×VB)) and 2) the distance in standard deviation (SD) of VAB – (VA×VB). The standard 

deviation was determined by performing a regression on the experimental standard 

deviations as observed for all combination tests and the value used for calculation was 

based on the 99% confidence interval of the regression line (Fig. 9A). Based on the 



 

 

28 

 

variance observed, the formula used for calculating standard deviation was: SD = (VAB – 

VA×VB) / (0.0401VAB + 0.0105). 

Categorization of combinatorial data used thresholds set at SD ±2.55 indicating a 99% 

confidence interval for categorizing Synergy or Antagonism/Additive. The categories 

“Highly Synergistic” and “Highly Antagonistic” used an SD threshold of SD ±5.1. In 

confirmation studies significance was determined using a Student’s T-test (two-tailed, 

unpaired) with a p < 0.05 threshold for significance. 
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III. RESULTS 

 

1. Development of Correlation Rankings 

To identify drug resistance genes, we developed a genome-wide rankings strategy that 

leveraged the largest collection of drug screening data, the NCI-60. The NCI-60 dataset 

contains cytotoxicity data of over 20,000 compounds on 60 CCLs. Pearson correlations 

between gene expression and compound effect can be utilized for hypothesis building 

regarding relationships between drugs and genes (Paull et al., 1989; Reinhold et al., 

2015b). Typically, the full set of sixty CCLs are used for any bioinformatic investigation 

(Ludwig et al., 2006; Szakacs et al., 2004; Zoppoli et al., 2012), however rationale for 

whether all sixty cell lines should be included is seldom given. We sought to determine 

whether the full set was an optimal cohort, and whether further cleaning of the dataset 

could assist in the identification of putative drug resistance genes or potential anticancer 

therapeutic targets. We hypothesized that genes with large numbers of negative 

correlations to drugs were more likely to be candidate drug targets for cancer therapy or 

drug resistance genes. Our strategy required correlations to numerous compounds, 

decreasing susceptibility to spurious correlations. This is critical as numerous sources of 

error are common in in vitro drug screening data (Weinstein and Lorenzi, 2013). 
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Rankings of genes were performed by calculating the number of compounds with 

Pearson correlation coefficients (R) beyond -0.500 for Negative Correlation Rankings 

(NCR). The full correlation rankings (F-NCR) used all sixty NCI-60 cell lines, while 

fifty-four were utilized for the leukemia excluded correlation rankings (LE-NCR).  

 

The LE-NCR improved upon the F-NCR for identifying drug resistance genes. There are 

several biological and statistical reasons for exclusion of leukemia. Patterns of drug 

sensitivity to the 20,000+ compounds titration screened across all NCI-60 CCLs show 

clear differences between leukemia and other groups. First, when examining the median 

effect, leukemia is typically more sensitive to compounds with an average median GI50 of 

6µM versus 15µM in solid tumors (Figure 3A). Second, pairwise correlations of the GI50 

values among cell lines show leukemia CCLs with a high degree of collinearity with each 

other compared to other cell lines (Figure 3B). These differences indicate that leukemia 

cell lines are generally more sensitive to compounds and show a distinct pattern of 

sensitivity. When all sixty cell lines are used, there is lower internal consistency and less 

reliability of the correlations than if leukemia is excluded. This may bias correlations to 

the point that they no longer reflect relationships between genes and compounds. 

 

Genes identified using F-NCR methodology, or all sixty cell lines were enriched in 

biological process ontologies related to organization of cytoskeleton (50 genes, p = 5.0E-
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11), cell junction (25 genes, p = 3.6E-12), and cell substrate adhesion (25 genes, p = 

2.2E-10). Nearly all genes shared a similar gene expression pattern. This consisted of 

much lower expression in leukemia versus the other CCLs. In comparison, high ranking 

genes using the LE-NCR methodology had a higher diversity of expression patterns 

(Figure 3C). These findings indicate that this analysis, if performed using the full NCI-60 

panel, will preferentially identify genes differentially expressed between leukemia and 

solid CCLs, and thus less likely to be predictive of genes that alter drug sensitivity. 

 

Analysis of the top genes as identified using the LE-NCR system was performed. 

Ingenuity Pathway Analysis indicated three enriched networks that included key cancer 

signaling pathways which are currently targeted by therapeutics: MEK, ER, Akt/PI3K, 

Hsp90, HDAC, PARP, NFkB, VEGF, and 26s Proteasome (Figure 4). Enriched 

molecular and cellular functions was headlined by cell death and survival (67 genes, p = 

6.37E-9), cellular growth and proliferation (67 genes, p = 7.46E-7), cell movement (40 

genes, p = 7.61E-6), cell-to-cell signaling and interaction (20 genes, p = 9.98E-6), and 

cellular assembly and organization (28 genes, p = 9.98E-6). This indicates that the LE-

NCR ranking system preferentially selects genes that are, or interact with known 

anticancer drug targets. Thus genes found by this system may have a higher likelihood to 

be implicated in cancer or cancer drug resistance. 
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Figure 3: Leukemia Exclusion improves the potential for identifying drug resistance 

genes using the NCI‐60 dataset: A) Boxplot of median GI50 values for NCI‐60 cell 

lines. B) Clustering of NCI‐60 cell lines based on the pairwise correlations of GI50 of 

20,000 compounds against each cell line. C) Hierarchical clustering of top ranking genes 

by gene expression (Z-score) using full and leukemia excluded rankings. 
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Figure 4) Enrichment for Drug Resistance Genes and Drug Targets:  

Shown are the top three enriched networks from Ingenuity Pathway Analysis (IPA) using 

the top 260 ranking genes (leukemia excluded). Genes selected for this study are depicted 

in white while other high-ranking genes are depicted in gray. Closely associated 

influential genes or pathways identified by IPA are depicted in black and include genes or 

pathways frequently targeted by anticancer treatment strategies.  
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2. Correlation Rankings Identify Genes That Influence Cancer Viability 

To assess the cancer relevance of the high-ranking genes, we selected eighteen top ranked 

genes by LE-NCR for further validation studies (Table 1). Gene expression differences 

between cancer and controls in the TCGA dataset (Table 2), Oncomine dataset (Table 2), 

as well as patient survival data from kmplot.com (Table 3) were used to prioritize genes 

for confirmation studies. While the effect of gene expression for most genes upon drug 

sensitivity was unknown, a few known drug resistance genes (ABCB1, AXL, and EGFR) 

were included.  

Gene knockdown was performed independently using two complementary technologies, 

siRNA and shRNA. Knockdown using the temporal siRNA system decreased gene 

expression greater than 60% in all genes (Figure 5A). Three to five siRNAs were 

designed, synthesized, and screened for their gene knockdown efficiencies via qRT-PCR 

analysis and the most efficient siRNA was selected for subsequent studies. The 

knockdown efficiency was >80% for all genes except ABCC1, PDZK1IP1, SLC7A11, 

and USP40 which was between 60% and 80%. The viability of cells was assessed in a 

time-course over six days after siRNA knockdown in five cell lines (Figure 6). 

Knockdown decreased viability at least 20% in at least one cell line for all genes except 

BLM. AJUBA and S100A11 had the strongest impact on viability, profoundly decreasing 

viability in all five cell lines with near complete killing in several cases. 
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Confirmation of the effects on viability was confirmed using a lentiviral shRNA system. 

The shRNA technique allows for permanent knockdown due to integration into the host 

genome and attempts to minimize off-target effect by utilizing three different targeting 

sequences against each gene. Knockdown efficiencies were acceptable for all but six 

genes (ABCB1, AJUBA, BLM, EGFR, SLC18B1, and SLFN13) (data not shown). Imaging 

analysis was performed after three days to assess the impact of knockdown on cells 

(Figure 5B). The results were confirmatory of the decreased viability that had been 

observed with siRNA knockdown. ABCC1, ABCC3, GALNT2, KLHL5, PDZK1IP1, 

S100A11, SLC7A11, and USP40 showed a decrease in cell numbers in the imagery. The 

lentiviral system requires puromycin selection which can further reduce the number of 

viable cells. Thus, this method may under-represent the impact of the knockdown on 

viability. Permanent cell lines (OVCAR-8) were established after puromycin selection 

and maintained over a twenty-one day period. Six knockdowns resulted in insufficient 

surviving cells after 21 days to maintain a stable culture (GALNT2, PDZK1IP1, S100A11, 

USP40, KLHL5, and ALDH3B1) (data not shown). This result is indicative of the severe 

impact of these genes on cell survival. 
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Table 1: Gene Rankings 

Sorted by number of genes beyond the threshold of R < -0.500 using Full Negative 

Correlation Rankings and Leukemia Excluded Negative Correlation Rankings. 

Gene Synonym 
Entrez  

gene 

F-NCR  

Rank 

# Drugs 

R < -.5 

LE-NCR 

Rank 

# Drugs 

R < -.5 

SLC7A11  23657 55 1217 1 1134 

S100A11  6282 135 765 3 519 

ABCB1  5243 283 438 4 484 

SLFN13  146857 >1 K 88 7 414 

EGFR  1956 138 744 18 317 

USP40  55230 73 1054 23 298 

ABCC3  8714 281 440 30 259 

AJUBA JUB 84962 158 668 33 255 

AKR1C3  8644 792 132 41 236 

ALDH3B1  221 578 186 56 220 

SLC18B1 C6orf192 116843 >1 K 77 60 211 

KLHL5  51088 470 252 65 207 

ANXA2  302 15 2023 78 194 

PDZK1IP1  10158 655 164 82 190 

ABCC1  4363 613 177 85 188 

AXL  558 379 322 120 164 

GALNT2  2590 >7 K 10 135 155 

BLM  641 585 184 148 152 
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Table 2: Survival Difference 

High expression (top 50%) vs. low expression (bottom 50%) in cancer patients with four 

cancer types. Data obtained from km-plot. 

 Breast Ovarian Lung Gastric 

Gene HR pval HR pval HR pval HR pval 

ABCB1 0.58 1.0E-16 0.99 8.2E-01 0.96 5.7E-01 1.4 2.1E-04 

ABCC1 1.06 2.7E-01 1.08 2.5E-01 0.91 1.7E-01 1.36 4.4E-04 

ABCC3 0.97 6.0E-01 1.08 5.4E-01 0.73 1.2E-06 1.49 1.1E-05 

AJUBA 0.94 4.2E-01 1.24 2.4E-02 0.88 1.2E-01 0.65 2.1E-04 

AKR1C3 0.96 9.6E-01 0.91 1.6E-01 1.09 1.7E-01 0.83 5.2E-02 

ALDH3B1 1.02 7.6E-01 0.96 5.1E-01 0.85 1.3E-02 1.28 4.2E-03 

ANXA2 1.09 1.3E-01 0.95 4.4E-01 1.56 4.5E-12 1.43 1.4E-04 

AXL 0.82 3.9E-04 1.36 2.0E-06 0.71 7.6E-08 1.42 4.9E-05 

BLM 1.02 7.6E-01 0.89 7.1E-02 1.49 5.1E-10 1.22 4.0E-02 

EGFR 0.87 7.4E-02 1.04 7.0E-01 0.82 2.3E-02 1.35 9.2E-03 

GALNT2 0.84 2.3E-03 1.04 5.3E-01 0.74 3.8E-06 1.7 9.3E-10 

KLHL5 0.63 9.4E-09 0.95 5.9E-01 0.67 1.6E-06 1.58 6.8E-05 

PDZK1IP1 0.92 1.4E-01 0.88 4.4E-02 0.93 2.5E-01 0.73 3.9E-04 

S100A11 1.45 3.1E-11 0.97 6.7E-01 1.35 2.8E-06 1.85 9.1E-13 

SLC18B1 0.87 6.9E-02 0.93 4.4E-01 0.8 9.0E-03 0.54 2.5E-08 

SLC7A11 1.01 8.9E-01 0.98 7.5E-01 1.15 2.6E-02 0.73 2.4E-04 

SLFN13 0.92 2.8E-01 1.01 9.5E-01 0.87 1.0E-01 1.68 9.8E-06 

USP40 0.6 1.1E-10 0.97 7.6E-01 0.66 7.4E-07 1.59 4.6E-05 

         

Shading Description 

 survival significantly poorer in patients with high expression of gene 

 survival significantly poorer in patients with low expression of gene 
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Table 3: Gene Expression Trends 

Data obtained from Oncomine and The Cancer Genome Atlas. 

 Oncomine TCGA 

Gene Inc. Dec. Sig. Change 

ABCB1 2 40                    
ABCC1 23 3                    
ABCC3 28 6                    
AJUBA 30 7                    

AKR1C3 11 36                    
ALDH3B1 13 19                    

ANXA2 45 11                    
AXL 13 23                    
BLM 22 2                    
EGFR 27 38                    

GALNT2 14 3                    
KLHL5 12 6                    

PDZK1IP1 22 11                    
S100A11 54 15                    
SLC18B1 4 2                    
SLC7A11 29 3                    
SLFN13 5 3                    
USP40 2 2                    

 

Shading Description 

 

>10 Oncomine studies where cancer expression significantly higher than 

surrounding normal 

 

>10 Oncomine studies where cancer expression significantly lower than 

surrounding normal 

 

TCGA cancer type where cancer expression significantly higher than 

surrounding normal or normal control 

 

TCGA cancer type where cancer expression significantly lower than 

surrounding normal or normal control 
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Figure 5: Knockdown of NCR Genes Decreases Cancer Viability 

A) Gene expression compared to that of controls after 16-hour siRNA exposure to 

OVCAR-8 cells. Data represents the mean ± s. d. from 3 replicate cultures. B) Light 

microscopy of shRNA knockdown cells 72 hours after exposure. Data are representative 

of three replicates.  
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Figure 6: Viability Time Course 

Viability tested in five NCI-60 cell lines: A549 (basal alveolar lung adenocarcinoma), 

MEL-2 (metastatic melanoma), OVCAR-8 (high grade ovarian serous adenocarcinoma), 

SKOV-3 (ovarian adenocarcinoma), and SN12C (renal cell carcinoma). Time points 

shown are for 2, 3, 4, 5, and 6 days after the 16-hour knockdown exposure. Data 

represent mean of 3 replicates.  
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3. Genes That Impact Drug Sensitivity And Resistance 

To measure the effect of a gene on drug effect, comparisons were made between high 

expressers of each gene and the wild type cells exposed to sham reagents. The impact of 

each gene on drug sensitivity was assessed using the temporal siRNA knockdown 

system. OVCAR-8 was selected as a cell line for testing as it possessed gene expression 

levels of each of the selected genes at moderate to high expression levels as compared to 

the other NCI-60 cell lines. The 346 drugs tested consisted of anticancer compounds 

approved by the FDA for clinical use or several targeted therapies undergoing clinical 

trial testing. These drugs represent a numerous anticancer mechanism with a diversity of 

targets.  

After viabilities were assessed for each drug, each knockdown, and the combination of 

drug and knockdown, statistical analysis was performed to determine the combinatorial 

effects of all pair-wise combinations of knockdown and drugs. Relationships were 

assessed and described in terms of synergy or antagonism for each drug-gene pair. 

Synergy implying a stronger than expected effect upon combination, antagonism 

implying a weaker than expected effect upon combination.  Because the genes were 

putative drug resistance genes, synergism was expected to be detected in greater amounts 

than antagonism. Knockdown should decrease the functionality of the gene and thus 

increase the drug effect that had been hindered leading to a stronger anticancer impact.  
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Relationships between siRNA knockdown and drug were defined into six categories 

based on the confidence interval of the difference between VAB (combination) and VA 

(drug) × VB (knockdown). This value was defined as the difference of VAB - as measured 

in standard deviations that were calculated by the average experimental error at a given 

viability (Figure 7A). The calculation and normalization of the standard deviation used 

for this metric are described in the materials and methods.  

 

The use of confidence interval as a measure of synergy is advantageous as it accounts for 

observed experimental variance and does not over-predict for combinations at low 

viabilities. Confidence interval is a compromise between using the pure ratio or pure 

difference. In practice, it excludes combinations with slightly synergistic (e.g. 0.87) or 

antagonistic (e.g. 1.02) CDI or those with small viability differences (Figure 7B). (CDI 

represents the ratio of VAB / (VA × VB). The first threshold represents a 99% confidence 

interval (2.55 S.D.) and the second is doubly stringent (5.1. S.D.). Beyond the 99% 

confidence interval combinatorial effects were denoted “Synergistic” or 

“Antagonistic/Additive” depending on the direction of the shift. The second threshold 

was denoted “Highly Synergistic” or “Highly Antagonistic”. 

 

In our study, more synergistic relationships were identified than antagonistic. 24.6% of 

the (1535 of 6228) studied combinations categorized as synergy (< -2.55 S.D.). 
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Categorization indicated 5.7% highly synergistic and 18.9% synergistic, while indicating 

7.1% antagonistic/additive, and 2.1% highly antagonistic. (Figure 8A). These results 

indicate patterns expected for genes that promote drug resistance and findings were as 

expected for the known drug resistance genes.  

 

The number and types of drugs showing synergy with gene knockdown are different for 

specific genes. In the initial screening, 17 of 18 genes (except for AJUBA) showed 

synergy with over 50 compounds (Figure 7A). The most synergistic gene knockdowns 

were S100A11, KLHL5, USP40, AXL, SLC7A11, and SLFN13. These six showed 

synergistic relationships to 100 or more compounds with greater than thirty being highly 

synergistic. Very few antagonistic drug-knockdown pairs were observed upon 

knockdown of KLHL5, USP40, AXL or SLC7A11 with twelve or fewer 

antagonistic/additive or highly antagonistic compounds. The presence of some 

antagonistic pairs testifies that knockdown does not universally sensitize to all 

perturbations.  

 

Hierarchical clustering of the difference between observed and expected drug-

knockdown combination viabilities was used to elucidate their gene-drug relationships. 

The clustered heatmap of all 18 genes by 346 drugs (Figure 8B) presents a global view of 

drug-gene relationships. Six compounds have a highly antagonistic pattern when paired 
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with a knockdown, shown at the top of cluster 1. The second cluster contains compounds 

that have relatively few synergistic or antagonistic pairs, with the occasional signal of 

synergy with EGFR, ABCC1, USP40¸ SLFN13, KLHL5, AXL, or S100A11. The third 

cluster contains compounds with a primarily synergistic signature. Antagonistic 

combinatorial relationships were rare for drugs in the bottom two clusters although strong 

antagonism was occasionally observed with knockdowns of ANXA2, S100A11, AKR1C3, 

ABCB1, or AJUBA. The predominance of synergistic relationships in seventeen genes we 

believe indicates that these genes likely decrease drug efficacy when highly expressed 

and are likely drug resistance genes. Indeed, this pattern was observed for known drug 

resistance genes ABCB1, EGFR, and AXL. These patterns indicate that the gene panel is 

predominantly comprised of drug resistance genes. 
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Figure 7: Drug-Gene Combinatorial Effect 

A) Modeling of experimental standard deviation across replicates for all tests.  

B) CDI and difference in viability V
AB 

– V
A 
× V

B
 for compounds with CDI < 1 

(synergism) and CDI > 1 (additive & antagonism). 
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Figure 8: Knockdown Largely Increases Sensitivity to Anticancer Drugs 

OVCAR-8 cells were cultured with 100nM of drug for 72 hours after 16-hour treatment 

with siRNA or shame control. Cells were counted after 16-hour siRNA exposure and 

plated at 4000 cells per well in 96-well plates. Data represents mean of two replicates.  

A) Frequency of interactions categorized into six groups. Synergy (blue) has a 

Coefficient of Drug Interaction (CDI) < 1 while Antagonism/Additive (red) is > 1. The 

strength of the interaction as defined by difference between VAB - VA×VB measured in 

standard deviations (S.D.). Slight differences from VAB are in light shading. Moderate 

differences (>2.55 S.D.) are in medium shading. Large differences (>5.1 S.D.) are in dark 

blue (“Highly Synergistic”) and red (“Highly Antagonistic”).  

B) Hierarchical clustering of gene-siRNA combinatorial interactions. 
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4. Synergism and Antagonism Atlas 

The broad testing of a large panel of compounds enabled characterization of drugs based 

on how their effect was modulated by gene knockdown. Drugs were scored based on the 

mean effect across the gene panel as measured in standard deviations from VA × VB. 

Grouping of compounds by mechanism using this scoring metric showed intriguing 

trends and patterns (Figure 9A). The average effect of the relationships observed for each 

knockdown is depicted in Figure 10. Generally, the compounds that had the greatest 

synergistic potential possessed mechanisms of action that inhibit (1) the PI3K-AKT-

mTOR pathway, (2) Cell Cycle Inhibitors, (3) the MEK-MAPK (ERK) pathway, and (4) 

Epigentics related compounds (HDAC inhibitors). Antagonistic relationships between 

drugs and the gene knockdowns were far less frequent. The mechanisms that frequently 

had antagonistic relationships included: 1) DHFR (dihydrofolate reductase) inhibitors, 2) 

inhibitors of nucleic acid synthesis, microtubules, and topoisomerase, and 3) Raf 

inhibitors. These results are illustrated by a hierarchical clustered heatmap of the siRNA-

drug combinatorial effect of the top 38 most synergistic compounds (score less than -

2.25) (Figure 9B) and top 16 most antagonistic compounds (scores greater than 1) (Figure 

9C) as ranked the mean standard deviation value across all genes. Compounds with 

similar mechanisms clustered together in both heatmaps. 
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The mechanistic identities represented among the most synergistic compounds included 

inhibitors of the GFR-PI3K-AKT-mTOR pathway, which include several growth factor 

receptors (GFR) including EGFR, HER2 (ERBB2), and FGFR (Figure 9B). The EGFR 

inhibitor, Dacomitinib showed significant synergy with 15 genes, while Pelitinib and 

Afatinib possess similar patterns of combinatorial action. EGFR gene knockdown 

showed partial synergy with EGFR inhibitors. Stronger synergy with EGFR inhibitors 

was observed with knockdown of other genes than with knockdown of EGFR (Figure 

10). Other highly synergistic GFR inhibitors included Neratinib [HER2 inhibitor], 

BMS599626 [HER2 inhibitor], and PD173074 [FGFR inhibitor]. PI3K and mTOR 

inhibitors were generally synergized. mTOR inhibitors Everolimus and Temsirolimus 

exhibited similar patterns of strong synergy. 

 

A second major group of commonly synergized compounds is those that target cell cycle 

control (molecular targets of WEE1, CHK1, CDK, and Aurora Kinase). MK-1775, a 

WEE1 inhibitor, showed significant synergy with 13 genes and possessed some of the 

strongest combinatorial effects. High levels of synergism was also observed with CHK1 

inhibition (AZD7762 and LY2603618) and CDK inhibition (SNS-032 and PHA-793887). 

Aurora Kinase inhibition indicated a varied combinatorial profile. Two of the eleven 

tested Aurora Kinase inhibitors (ENMD-2076 and PF-03814735) showed significant 

synergy, Barasertib was primarily antagonistic, and other Aurora Kinase inhibitors lacked 
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significant trends. However, KLHL5 knockdown in combination with most Aurora 

Kinase inhibitors was consistently synergistic (Figure 10). 

 

A third group of synergistic compound mechanisms are those that target the MEK-

MAPK (ERK) pathway. The most synergistic of the MEK inhibitors was Selumetinib, 

that synergized with 16 genes. MEK inhibitors CI-1040 and Trametinib (FDA approved) 

were also among the top synergistic compounds. Top p38-MAPK inhibitors included PH-

797804, Doramapimod, and SB 203580. 

 

A fourth group of synergistic compounds target HDAC inhibitors (HDACi). Pracinostat, 

PCI-24781, and AR-42 are highly synergistic. CUDC-101, a dual inhibitor of EGFR and 

HDAC, is also a top synergistic compound. The most consistent synergizing genes with 

HDACi were S100A11 which showed significant synergy to ten of the twelve HDACi 

tested. Four other genes (AXL, KLHL5, SLC7A11, and USP40) showed significant 

synergy to at least six HDAC inhibitors. 

 

Dihydrofolate reductase (DHFR) inhibitors (also known as folate antimetabolites) were 

among the most antagonistic compounds. These compounds inhibit one or more of the 

enzymes that use folate or derivatives as substrates: DHFR, thymidylate synthase, and 

GARFT. Pemetrexed, commonly used in lung cancer chemotherapy, showed a significant 
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antagonistic effect with nearly all genes. Methotrexate, commonly used to treat cancers 

including breast, skin, lung, or head and neck, also showed antagonism with most 

knockdowns. Other drug mechanisms represented among the top antagonistic compounds 

were inhibitors of topoisomerase, nucleic acid synthesis, or microtubules (Figure 9C). 

While antagonistic relationships were observed with most gene knockdowns, a notable 

exception to the antagonism pattern was with knockdown of the drug resistance gene 

AXL. AXL knockdown distinctly showed neutral or synergistic combinatorial patterns 

with most antagonistic drugs. 

 

Raf inhibitors were frequently antagonized. GDC-0879 [B-Raf and cellular pERK 

inhibitor], SB590885 [B-Raf inhibitor] both possessed frequent antagonistic pairs in 

cluster 3 of Figure 9C. Sorafenib [B-Raf, c-Raf, PDGFR, and VEGFR inhibitor] had a 

similar antagonistic profile (Figure 10). However, the increased frequency of antagonism 

with Raf inhibitors was not observed with AZ628 [B-Raf and C-Raf inhibitor] which 

showed nearly the opposite combinatorial relationships. AZ628 had frequent synergy 

with knockdown of ten genes, six of which (ABCC3, AKR1C3, ALDH3B1, PDZK1IP1, 

SLC7A11, and USP40) had significant antagonism with GDC-0879. These patterns are 

intriguing as targets both upstream and downstream of Raf do show frequent synergism 

with the studied genes. 

  



 

 

51 

 

Figure 9) Frequently Synergized/Antagonized anticancer mechanisms:  

A) Mechanism map indicating the relationship of each anti-cancer compound (grouped 

by mechanism of action). Relative synergism/antagonism was scored as the sum of the 

observed relationships for each compound with each gene. Scoring for each drug-gene 

pair is the mean of the observed distance VAB - VA×VB measured in standard deviations 

(S.D.). The composite score for the mean effect across the eighteen tested genes is 

shown. The mechanism groups are sorted from synergistic (top) to antagonistic (bottom) 

by the mean of all drugs within each group. Compounds within mechanism groups are 

sorted from most synergistic (left) to most antagonistic (right).  

B) Hierarchical clustering for compounds showing the highest synergy score measured 

using the mean distance VAB - VA×VB as measured in standard deviations (S.D.).   

C) Hierarchical clustering for compounds showing the highest antagonistic score 

measured using the mean distance VAB - VA×VB as measured in standard deviations 

(S.D.). Abbreviations: NA Syn = DNA/RNA Synthesis, Topo. = Topoisomerase 

Inhibitor. 
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Figure 10) Combinatorial Map: Individual Genes 

Drug-Knockdown relationships. (S.D. scoring). Compounds are sorted as in Figure 9A. 

  



 

 

54 

 

5. Strong synergism in siRNA-drug combinatorial pairs 

Figure 11 presents specific drug-siRNA pairs with the strongest synergies between 

siRNA and drugs observed in this study. These compounds were the best performers 

using distance from expected measured in S.D. Each pair represents a strong ratio and 

viability difference between the observed and expected value. Eight strongly synergizing 

siRNA-drug pairs are with knockdown of S100A11. Five of these interactions are with 

HDAC inhibitors (Belinostat, Pracinostat, PCI-24781, AR-42, and CUDC-101). From the 

screening data, HDAC inhibitors also possessed strong relationships with five other genes 

(AXL, SLC7A11, GALNT2, USP40, and PDZK1IP1). Drugs frequently represented 

among the top synergizing pairs were MK-1775 [WEE1 inhibitor], AZD7762 [CHK1 

inhibitor], and BIIB021 [Hsp90 inhibitor]. Genes frequently represented among top pairs 

are mainly those that had synergy with numerous compounds in Figure 8A. Pairs that are 

depicted in Figure 11 include several siRNA-drug combinations that resulted in the near-

complete killing of the cells. These combinations, due to their strong killing effect, have 

intriguing potential for future therapeutic development. 

 

Another indicator of synergism is the dose reduction of a therapeutic compound by 

treatment with another agent. We pursued titration screening with several compounds to 

confirm the effects observed in the screening study and further establish whether the 

synergism observed resulted in dose reduction. This analysis was performed for two 
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genes: S100A11 and KLHL5. These genes were selected as they showed synergy with 

compounds in intriguing patterns unique from other genes. S100A11 knockdown showed 

strong synergism with the majority of HDAC inhibitors, while KLHL5 knockdown 

showed significant synergism with Aurora Kinase. KLHL5 also was synergistic with 

several cell cycle inhibitors and inhibitors in the PI3K-AKT-mTOR pathway. Titration 

curves and calculation of GI50 were performed for both genes with twenty-four 

compounds. S100A11 siRNA can decrease the GI50 values by 5.56-fold and 5.53-fold for 

HDACi Belinostat and Quisinostat (JNJ26481585) in OVCAR-8 cells, respectively 

(Figure 12). 

 

Similar calculations were performed with the twenty-two other compounds (Figure 13). 

Viability curve shifts that indicate dose reduction were observed for S100A11 and nearly 

all HDAC inhibitors. KLHL5 knockdown reduced the necessary dose to observe the same 

effect with most tested inhibitors of Aurora Kinase, Cell Cycle, and the PI3K-AKT-

mTOR pathway. Comparable results were observed with titration curve testing to observe 

dose reduction when the compounds and knockdown combinations were tested in other 

cancer cell lines (data not shown). These results suggest that the screening data are 

largely valid. 
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Figure 11) Top Combinatorial Pairs 

Shown are genes-knockdown combinations with the highest difference between observed 

and expected combinatorial effect.  
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Figure 12) S100A11 Knockdown Sensitizes to Belinostat and Quisinostat 

Titration Curve and dose reduction representing mean ± s.d. from three replicates tested 

at indicated concentrations. 
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Figure 13) S100A11 and KLHL5 Knockdown Dose Reduction Effect 

Twenty-two compounds tested in combination with S100A11 and KLHL5 knockdowns. 

Impact of S100A11 knockdown alone resulted in 37.6% ±1.0% viability. KLHL5 

knockdown alone resulted in 78.7% ±2.2% viability. Viabilities are normalized to 100% 

to account for the effect of knockdown-only on viability. The top panels for each gene 

show the viability for combination of knockdown and drug at the GI50 concentration 

observed in knockdown-free (sham control) cells. Dose reduction of GI50 value (bottom). 

Serial dilution of drugs was used to determined GI50 values. Data represent means ± s.d. 

from three replicates. 
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6. Identification of AXL-Reducing Compounds 

The receptor tyrosine kinase AXL is a drug resistance gene that has promise as a 

therapeutic target for combinatorial therapy. Inhibition of AXL is a therapeutic strategy 

using AXL inhibitors such as R428 that is being tested in clinical trials (Holland et al., 

2010). We approached compound discovery looking for compounds that possessed the 

phenotype of decreasing expression of AXL protein. From our study of the combinatorial 

action with siRNA, we saw that knockdown of AXL dramatically increased the effect of 

numerous anticancer compounds (Figure 14A). Indeed, the gene possessed some of the 

most dramatic synergies observed in that study with compounds Trichostatin A [HDAC 

inhibitor], Torin 2 [ATM/ATR], AZD7762 [Chk inhibitor], BEZ235 [mTOR inhibitor], 

MK-1775 [Wee1 inhibitor], and PCI-24781 [ HDAC inhibitor] having some of the top 

combinatorial effects (Figure 11). These compounds are representative of the 

mechanisms synergistic with AXL knockdown which mainly included inhibitors of Cell 

Cycle (CHK/WEE1/CDK), HDAC, P38 MAPK, MEK, mTOR, EGFR, and HER2 

(Figure 10). 

 

AXL is highly expressed in several cancers and cancer cell lines. Of the cancer cell lines 

(CCLs) of the NCI-60, the gene has the highest expression in the renal cell line SN12C 

(Figure 14). With three copies of the gene, SN12C is the only CCL of the panel to have a 

copy number increase of AXL. Knockdown using siRNA was performed on SN12C and 
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confirmed by western blot (Figure 15A). The knockdown decreased the viability of 

SN12C by inducing apoptosis as indicated by cell counting using viability assays (Figure 

15B), and caspase 3/7 staining (Figure 15C). The effect of knockdown among the ovarian 

(OVCAR-8, SKOV-3) cell lines slightly decreased viability over time. No significant 

effect on viability was observed when the lung cell line A549 was treated with 

knockdown, while the melanoma cell line MEL-2 had a near 50% reduction in viability.  

 

The NCI-60 cancer cell line drug screen has screened hundreds of thousands of 

compounds throughout its history since the 1980s (Shoemaker, 2006). Titration screening 

has been performed for around 20,000 of the compounds. The compounds which 

progressed to the full titration screening are those which showed at least some 

antineoplastic effect against the cell lines. Computational tools such as the COMPARE 

algorithm (Paull et al., 1989) and later CellMiner™ (Reinhold et al., 2015a) have allowed 

for the identification of patterns among drugs and high-throughput molecular 

characterizations. The main computational methodologies relate drugs and/or genes using 

Pearson correlations. We hypothesized that correlations between drugs and genes could 

be used to identify compounds that decreased expression of AXL. 

 

The correlations that we used included two approaches to the data. First, correlations 

were calculating using the full set of the sixty NCI-60 CCLs. Second, correlations that 
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only used a subset of cell lines that excluded leukemia, melanoma, and colon CCLs from 

analysis. The rationale for exclusion of those three cell line types is from expression 

evidence on the full range of genes as well as AXL expression individually. Proteomics 

studies have indicated that leukemia, melanoma, and colon CCLs possess the most cell 

line specific proteins or tissue specific proteins compared from the rest of the group of 60 

cell lines (Moghaddas Gholami et al., 2013). Cell lines originating from these three tissue 

origins also largely had relatively low expression of AXL (Figure 14). The pattern of AXL 

expression in other cell line types was high in renal, prostate, or CNS cancers and varied 

in lung, ovarian, or breast cancers. Overall, the distribution of AXL expression in the 

NCI-60 is a bimodal distribution (Figure 14). With exclusion of colon, leukemia, and 

melanoma CCLs the distribution of expression was closer to a normal distribution, which 

is the preferred distribution for correlations and most statistical measures. Thus, 

correlations performed using this reduced cell line group and AXL had a more 

homogenous makeup and better statistical distribution. 

 

Correlations were performed between the GI50 data with this subset of NCI-60 cell lines 

as well as the full set, and compounds were selected which had high correlation values 

for study of their effect on AXL expression (Table 4). The effects of each compound 

were observed on SN12C with treatment beginning 3µM concentration for 48 hours 

(Figure 16A). The compounds that decreased AXL protein levels were then tested at 
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lower concentrations and conditions (Figure 16B). While numerous compounds showed a 

partial or complete obliteration of AXL expression, the compounds NPC-A9, NPC-A16, 

and NPC-A19 were the consistent across multiple cell lines, and exhibited the ability to 

decrease AXL expression in sub-micromolar concentrations. The concentrations where 

each drug no longer decreased AXL expression was at the approximate GI50 of each 

compound. The cellular signaling effects of AXL-decreasing compounds NPC-A9, NPC-

A16, and NPC-19 were studied (Figure 16C). Protein levels of mTOR, AKT, AXL, 

CD44, and ERK were decreased after treatment with NPC-A9 and NPC-A16. 

Additionally, activation of p-ERK were observed with both compounds. These signaling 

changes indicate a decrease in the proliferation and survival pathways. 
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Figure 14) AXL Expression in the NCI-60 

AXL expression in the NCI-60 cell lines. Z-score relative expression and histogram of 

log2 transformed gene expression. Colon, leukemia, and melanoma cell lines that were 

excluded from the subset correlations are shaded with diagonal stippling.  
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Figure 15) AXL Knockdown Effect 

A) Immunoblot of AXL expression in five NCI-60 cell lines with siRNA knockdown of 

SN12C. B) Relative viability comparing siRNA knockdown of AXL to scramble control. 

Mean of three replicates shown. C). Representative imagery of caspase 3/7 staining of 

SN12C knockdown after 72 hours.  
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Table 4) AXL Compounds 

 NCI-60 AXL Corr. AXL Expression Change 

 Median   SN12C  

Drug 
GI50 

(µM) 
Full LE CLME 3µM 1µM 100nM 

NPC-A1 0.82 0.18 0.30 0.63 ▼   

NPC-A2 1.5 0.09 0.27 0.61 ⛛   

NPC-A3 50 0.60 0.61 0.42    

NPC-A4 2.24 0.02 0.33 0.50 ▼   

NPC-A5 0.032 0.27 0.27 0.41 ⛛   

NPC-A6 56 0.19 0.38 0.47 ⛛   

NPC-A7 100 0.60 0.55 0.38    

NPC-A8 34 0.60 0.53 0.27    

NPC-A9 0.15 0.20 0.12 0.42 ▼ ▼ ▼ 

NPC-A10 3.5 0.19 0.27 0.41    

NPC-A11 0.78 0.30 0.40 0.55 ⛛   

NPC-A12 25 0.61 0.57 0.43    

NPC-A13 62 0.59 0.55 0.39    

NPC-A14 78 0.59 0.57 0.43    

NPC-A15 2.7 0.11 0.11 0.43    

NPC-A16 0.0041 0.04 0.13 0.41 ▼ ▼ ▼ 

NPC-A17 4.9 0.43 0.42 0.26 ⛛   

NPC-A18 2.7 0.43 0.41 0.21 ▼ ⛛  

NPC-A19 0.0023 0.18 0.27 0.42 ▼ ▼ ⛛ 

▼ >70% reduction in expression across all tests 

⛛ 
>30% reduction or inconsistent >70% findings across multiple 

tests 
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Figure 16) AXL Reducing Compounds 

A) Screening of AXL-correlated compounds on SN12C cells at 3µM for 48h. 

 B) Titration screen of NPC-A9, NPC-A16, NPC-A19.  

C) Cell signaling immunoblot of NPC-A9, NPC-A16, NPC-A17, NPC-A18, NPC-A19 at 

100nM concentration 
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7. Characterization of AXL-Reducing Compounds 

Gene expression changes were observed after treatment with each of the top compounds 

was observed using microarray. NPC-A9 (100nM), NPC-A16 (100nM), NPC-A18 

(1µM), and NPC-A19 (100nM) were tested. The expression difference between treated 

and control samples were quantified for all genes, and the genes with the most profound 

expression differences were tabulated. The compound NPC-A9 showed the most 

profound expression change of the genes tested. Other compounds showed similar 

patterns upon treatment. Specific biological process ontologies were enriched among 

genes which showed a 4-fold change in gene expression (Figure 17). The largest ontology 

by number of genes with expression modulation was cell cycle process, and was largely 

downregulated upon treatment. “Response to ER Stress” and “Positive Regulation of 

Response to External Stimulus” were upregulated after treatment with each compound in 

both cell lines. These results strongly indicate an ER stress related mechanism for the 

compounds. This impact has a strong potential for combinatorial treatment when paired 

with chemotherapeutics (Yeh and Weber, 1995) as well as newer targeted therapies 

(Figure 18A). Consistent with our observation with testing of NPC-A9 and NPC-A16 

(Figure 16C) ER stress inducing drugs have been shown to inhibit Akt signaling (Hara et 

al., 2017).  
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Further confirmation of the effect of compounds on gene expression was performed using 

qRT-PCR. The effect of the drugs was observed over a time-course at 12, 24, and 48 

hours (Figure 18B). The findings were consistent with what had been observed with the 

microarray. First, the expression differences were much more pronounced at the 48-hour 

observation of NPC-A9 as was seen in the microarray findings. As with the microarray 

observations, the RNA levels of AXL were relatively unchanged. This indicates that the 

decrease in AXL is observed in protein expression but not AXL transcription. However, 

other genes that are co-expressed with AXL in the NCI-60 did show decreased mRNA 

expression. Caveolin related genes CAV1 (+0.760 correlation to AXL) and CAV2 

(+0.770) were significantly decreased upon treatment with NPC-A9, but other genes that 

were closely correlated to AXL expression. Additional genes with large expression 

changes are shown included BIRC5 (survivin) which is a negative regulator of cell death 

and was downregulated upon treatment. CLDN1 is associated with tight junctions and 

was heavily upregulated in all treatment groups. EPAS1 (also known as HIF-2A) was 

heavily upregulated and is associated with hypoxia. Downregulated genes included 

MYBL1, a proto-oncogene of the MYB family and THBS1 (Thrombospondin 1) which 

mediates cell-cell and cell-matrix interactions.  
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Figure 17) Signaling Alterations by Treatment with NPC-A Drugs 

Gene expression in enriched gene ontologies (adj. p-val < 0.05) among the 373 genes 

with FC >|4| for at least one perturbation test. Enriched ontologies with >5 genes shown. 
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Figure 18) Properties of NPC-A Drugs 

A) Combinatorial effect of NPC-A9 with Dasatinib, Foretinib, and Ponatinib.  

B) qRT-PCR Time course of gene expression after OVCAR-8 and SN12C were treated 

with 100nM of NPC-A9, -A16, or -A19. Data indicates mean of three replicates. 
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IV. DISCUSSION 

 

Data-mining correctly predicts genes that influence drug sensitivity 

This study experimentally demonstrates the utility of data-mining tools at predicting and 

discovering candidate drug resistance genes. These genes showed strong influence over 

cancer cell viability and proliferation. The high percentage of genes validated by 

experimental data suggests that additional untested high-ranking genes likely will possess 

similar characteristics. The remaining >200 identified high-ranking genes warrant 

validation studies using similar experimental approaches as many are also likely drug 

resistance genes.  

 

The high success rate of gene identification, we believe, can be attributed to: 1) 

Improving the predictive nature of gene-drug correlations by excluding NCI-60 leukemia 

cell lines. This strategy may prove useful for future design of cell line drug screening or 

future data interpretation/bioinformatics approaches from other datasets. 2) Gene 

knockdown in combination with a large panel of anti-cancer drug mechanisms. The 

library screening yields assessment of the spectrum of drug effects and allows for a more 

global picture than isolated relationships between genes and compounds.  
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Top drug sensitivity altering genes:  

The tested genes included genes previously known to be cancer drug resistance genes 

such as multi-drug resistance (MDR) gene ABCB1 as well as SLC7A11 and AXL. The 

high rankings of these genes and their impact on drug effect in our validation experiments 

increase confidence in our ranking system and validation data. One of the most important 

contributions of this study was the identification of drug resistance genes which were not 

previously reported including the impactful genes S100A11, KLHL5, SLFN13, and 

USP40. These sensitized cells to numerous anticancer drugs. Limited research has been 

previously reported on KLHL5, SLFN13 or USP40.  

 

This study explicitly demonstrates that expression of the receptor tyrosine kinase, AXL, 

impacts a wide array of drugs. AXL knockdown most profoundly sensitized cells to cell 

cycle inhibitors, EGFR inhibitors, HDAC inhibitors, and PI3K/mTOR inhibitors. The 

impact of AXL upon drug sensitivity of several anticancer compounds is well established 

in both patient studies and laboratory models (Byers et al., 2013; Hong et al., 2008; Hong 

et al., 2013; Linger et al., 2013; Liu et al., 2009). This study clearly establishes the scope 

of anticancer compounds on which the gene has an effect. Pharmacologic inhibition of 

AXL has shown potential in clinical studies demonstrating effective reversal or 

overcoming of drug resistance (Rho et al., 2014).  
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We confirmed the impact of SLC7A11 on drug sensitivity by demonstrating that its 

knockdown increased sensitivity to numerous compounds, including cell cycle inhibitors 

and HDAC inhibitors. SLC7A11 has been associated with resistance to several drugs 

including Hsp90 inhibitors (Huang et al., 2005; Liu et al., 2007; Pham et al., 2010) and 

can serve as a prognostic marker for some cancers, especially gliomas (Takeuchi et al., 

2013).  

 

USP40 knockdown had similar patterns of synergy as the AXL knockdown. Functionally, 

the USP40 protein is an ubiquitin-specific protease (USP) likely involved in de-

ubiquityling activity (Quesada et al., 2004). USP40 knockdown is reported as reducing 

glomerular organization with weaker cell junctions (Takagi et al., 2017). USP40 has not 

previously been reported as implicated in cancer, although other USP-family members 

have shown association with apoptosis (Vucic et al., 2011) and regulation of cell 

proliferation (Atanassov and Dent, 2011).  

 

SLFN13 is a gene in the Schlafen family which upon knockdown increased sensitivity in 

similar patterns to AXL and USP40. Schlafen family member SLFN11 was revealed by a 

study using NCI-60 data as an influencer of the sensitivity of some chemotherapeutic 

agents (Zoppoli et al., 2012). This finding has been shown to be associated with patient 
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survival after treatment with the relevant drugs (Deng et al., 2015). Our study suggests 

that SLFN13 similarly influences compound sensitivity.  

 

KLHL5 knockdown increased sensitivity to Aurora kinase, cell cycle, and 

PI3K/Akt/mTOR axis inhibitors in a pattern distinct from other studied genes. KLHL5 

showed low magnitude of differences in mean expression levels between cancer and 

normal tissue in the TCGA dataset (Table 3). However, the gene had some of the most 

significant survival differences comparing high and low expression. High expression of 

KLHL5 is associated with better overall survival in lung cancer (HR = 0.67, p = 1.6E-6) 

and breast cancer (HR = 0.63, p = 9.4E-9) but poorer survival in gastric cancer (HR = 

1.58, p = 6.8E-5 (Table 2). KLHL5 is a largely unstudied member of the Kelch-like gene 

family. These genes are thought to share function in the ubiquitination process, but 

specific functionality and substrate binding for most family members still remain 

unknown (Dhanoa et al., 2013).  

 

Knockdown of S100A11 significantly decreased the viability of cancer cells and 

dramatically increased the activity of different classes of inhibitors. This gene encodes 

the S100 calcium binding protein A11 (calgizzarin) and functions in keratinocytes as a 

Ca++ and TGFβ signal transduction mediating growth signaling or suppression 

(Sakaguchi et al., 2008). S100A11 is overexpressed in cancer types including colorectal 
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cancer (Niu et al., 2016; Wang et al., 2008) and prostate cancer (Rehman et al., 2004). Of 

the genes studied, S100A11 showed some of the largest and most significant expression 

differences or survival differences in the public patient data. In the TCGA dataset, 

S100A11 expression was increased two-fold in ten of nineteen cancer types and by more 

than four-fold in cervical (CESC), glioblastoma (GBM), and uterine (UCEC) cancers 

(Table 3). S100A11 functions in cell cycle regulation and promotes cellular survival by 

controlling p21 stability (Foertsch et al., 2013). High S100A11 expression has been noted 

as a marker for tumor aggressiveness and poor survival in many cancer types as it is 

involved in the initiation of TGFβ-mediated epithelial-mesenchymal transition which is 

associated with an aggressive phenotype (Niu et al., 2016). This aggressive phenotype 

promotes active growth and metastasis and a poorer prognosis in patients. Higher 

S100A11 expression is associated with poorer overall survival in lung (HR = 1.35, p = 

2.83E-6), breast (HR = 1.45, p = 3.1E-11), and gastric (HR = 1.85, 9.1E-13) cancers in 

the TCGA (Table 2). 

 

Commonly synergized compound classes 

This study catalogues drugs based on their synergistic and antagonistic potential. The 

drug classes that are most commonly synergized include inhibitors for the PI3K-AKT-

mTOR pathway, the MEK-ERK pathway, the cell cycle regulators (CHK1, WEE1, CDK) 

and HDAC. Inhibitors for several growth factor receptors (EGFR, ERBB2, and FGFR) 
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are also commonly synergized. The data may have important implications for cancer 

research and therapeutic development beyond the gene-drug relationships studied here. 

First, the drugs commonly synergized by the studied knockdowns represent drugs and 

drug classes favorable to synergistic approaches. Second, the data gives new insights and 

understanding of molecular mechanism of killing or resistance for the drugs by 

suggesting that expression of genes heavily influences sensitivity to anticancer drugs. 

Third, the drugs lacking synergies or showing antagonistic relationships are less likely to 

be synergized in combination therapies. Chemotherapeutics were notably absent from 

synergistic relationships and some even were antagonistic upon combination. This may 

partially explain the limited success for combination therapy with chemotherapeutic 

agents and targeted therapies in clinical trials.  

 

Limitations of Gene Sensitivity Screening 

Some limitations of the study should guide interpretation. First, some interactions may be 

cell line-dependent while others are common mechanisms. Our drug screening was done 

in one cell line, OVCAR-8 due to its unique characteristic of moderate to high expression 

of each gene. The large amount of resources to complete screening for each cell line 

made screening across multiple cell lines prohibitive. Second, the primary screen utilized 

a single concentration. While our analysis utilized a method of identifying combinations 

that is more agnostic to absolute drug effect than others, synergism/antagonism is more 
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likely to occur and be reliably detected closer to the GI50 or sloped part of the titration 

curve. This concern is partially alleviated by the inclusion of multiple drugs with the 

same mechanism of action, but also partially explains certain inconsistencies across drugs 

with the same mechanism of action. Third, knockdown efficacy, knockdown 

experimental conditions, and knockdown impact on cell viability can greatly influence 

combinatorial studies. Despite these cautions, the detected interactions, especially those 

consistent across drug classes, are most likely valid. Additional interactions are likely 

detected by using more drug concentrations and cancer cell lines. 

Implications for therapeutic development 

The gene identification study offers insight relevant to targeted and combinatorial 

therapeutic approaches. It has increasingly been recognized that a single agent or target 

may be insufficient to achieve sufficient and long-term tumor control because of marginal 

therapeutic efficacy or rapid development of drug resistance. Therefore, combination 

therapy using multiple agents targeting multiple molecules represents one of the new 

hopes for better anticancer therapies. This study clearly demonstrates genes and drugs 

which yield strong synergies with other entities. We believe that systematically 

cataloging drugs and their targets using similar approaches could serve as experimental 

rationale for the development of combination therapies, which have historically been 

approached in a trial and error manner. Additionally, identifying compounds that are 

likely antagonized in combination is equally relevant. Avoidance of antagonistic 
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interactions should be considered as a highly critical issue in the development of 

combination therapies. 

 

We identified several excellent candidates for exploration as anticancer drug targets. We 

believe that S100A11, KLHL5, and AXL represent promising genes for this consideration 

because knockdown of any gene results in great reduction of cell viability and/or very 

strong synergies with many compounds in several classes of anticancer drugs that are 

FDA-approved or being evaluated in late stage clinical trials. A second-tier group of 

potential therapeutic targets includes at least five genes (SLC7A11, USP40, GALNT2, 

SLFN13, and EGFR), which decrease cell viability at various degrees and significantly 

synergize with numerous compounds. Indeed, EGFR has been successfully targeted for 

anticancer therapy. AXL has already been targeted for anticancer therapy and several 

compounds are in clinical trials. S100A11, and KLHL5 may prove to be viable anticancer 

targets like than AXL or EGFR based on their impact on cell viability and synergistic 

interactions. Our data inzdicate that synergistic combination therapy may be the best 

approach to achieve desirable efficacy and should be considered at the very beginning of 

drug development.  
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Drug identification 

Use of drug-gene correlations was adequate at predicting compounds capable of 

decreasing AXL expression. We believe that the ability to predict compounds with AXL-

reducing capability was primarily a result of modifying the set of CCLs that comprised 

the correlations. The best compounds, NPC-A9, NPC-A16, and NPC-A19 all were 

identified using the correlations that excluded leukemia, melanoma, and colon cancers.  

The potential of the NCI-60 for identifying compounds of similar mechanisms is well 

established. It is an intriguing question as to how practical use of the drug-gene 

correlations for drug discovery will be for drugs of specific and novel mechanisms. Our 

study shows that the data can be used to identify compounds with specific mechanistic 

relationships to the drug resistance gene AXL. It is also known that genes co-expressed 

with AXL such as CAV1, CAV2, or CD44 could also be reduced using this strategy, as 

similar compounds would have been identified. The compounds that those genes would 

have paired with included NPC-A9, NPC-A16, and NPC-A19. Thus, a theoretical study 

probing for CAV1, CAV2, or CD44 decreasing compounds would have shown similar 

success. It is unknown how effective correlation based drug-discovery will be for other 

genes, or for which genes these strategies would be most successful. 

 We believe that certain aspects contribute to whether a gene can be successfully 

leveraged with the NCI-60 data for finding related compounds. 1) A gene should have 

functional relevance that influences the survival or response to treatment. This is 
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necessary to have a strong enough signal to impact the viability across the cell lines, and 

be visible despite other factors that interfere with signal (such as the expression levels of 

other drug sensitivity genes). 2) Gene expression values must vary enough to allow for 

drug sensitivity signals to be relevant beyond experimental variance. A broad range of 

expressions gives better signals and more reliable information for drug-gene correlations. 

3) Compounds that relate to the gene must be included within the NCI-60 dataset. While 

over 20,000 compounds have been screened, it should not be assumed that compounds 

are included that have relational attributes pertinent to every gene. 
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V. SUMMARY 

 

This study illustrates the potential of data-mining using high-throughput cancer cell drug 

screening. Overall, key contributions of this study included: 1) Altering composition of 

the cell line cohort for data-mining improves correlation relevance. 2) A rankings 

approach that robustly identifies drug sensitivity genes including novel genes. 3) 

Rankings that identify genes that impact viability, proliferation, or survival upon 

knockdown. 4) A screening strategy that shows the effect of knockdown across the 

spectrum of anti-cancer agents and illustrates frequently synergizing compounds. 5) A 

data-mining based drug-discovery strategy that identifies compounds that specifically 

alter expression of the selected gene. 6) Specific compounds that are candidates for 

further development that decrease AXL expression, decrease cell cycle regulation, and 

decrease activity of Akt, mTOR, and ERK pathways.  
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APPENDIX A: REAGENTS & SEQUENCES  

ABCB1 Sense: CAUUCGCUAUGGCCGUGAAtt 

 Antisense: UUCACGGCCAUAGCGAAUGtt 

 Taqman: Hs00184500_m1 

 shRNA: sc-29395-V 

ABCC1 Sense: GGAUGUCAUCUGAAAUGGAtt 

 Antisense: UCCAUUUCAGAUGACAUCCga 

 Taqman: Hs01561502_m1  

 shRNA: sc-35962-V 

ABCC3 Sense: GGGUGUACGUGUACGUGGAtt 

 Antisense: UCCACGUACACGUACACCCag 

 Taqman: Hs00978473_m1  

 shRNA: sc-40748-V 

AJUBA Sense: GCGGCUCAAUGCCCGACAAtt 

 Antisense: UUGUCGGGCAUUGAGCCGCtg 

 Taqman: Hs01036974_m1  

 shRNA: sc-60066-V 

AKR1C3 Sense: GGAGUAAAUUGCUAGAUUUtt 

 Antisense: AAAUCUAGCAAUUUACUCCgg 

 Taqman: Hs00366267_m1  

 shRNA: sc-44464-V 

ALDH3B1 Sense: GGAGAGAAUUAACCAUUGAtt 

 Antisense: UCAAUGGUUAAUUCUCUCCac 

 Taqman: Hs00997594_m1  

 shRNA: sc-96544-V 

ANXA2 Sense: GCAAGUCCCUGUACUAUUAtt 

 Antisense: UAAUAGUACAGGGACUUGCcg 

 Taqman: Hs00743063_s1  

 shRNA: sc-270151-V 

AXL Sense: CAGCGAGAUUUAUGACUAUtt 

 Antisense: AUAGUCAUAAAUCUCGCUGtt 

 Taqman: Hs01064444_m1  

 shRNA: sc-29769-V 
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BLM Sense: CGCUAGACAGAUAAGUUUAtt 

 Antisense: UAAACUUAUCUGUCUAGCGtc 

 Taqman: Hs00172060_m1  

 shRNA: sc-29808-V 

EGFR Sense: CGAAUAUUAAACACUUCAAtt 

 Antisense: UUGAAGUGUUUAAUAUUCGta 

 Taqman: Hs01076090_m1  

 shRNA: sc-29301-V 

GALNT2 Sense: GAUUGGAACUUGGUAUUCAtt 

 Antisense: UGAAUACCAAGUUCCAAUCaa 

 Taqman: Hs00189537_m1   

 shRNA: sc-75094-V 

KLHL5 Sense: CAGGCCGCCUUGAAUUAAAtt 

 Antisense: UUUAAUUCAAGGCGGCCUGta 

 Taqman: Hs01567850_g1  

 shRNA: sc-89298-V 

PDZK1IP1 Sense: GGUCCAGUGAGCAUGAGAAtt 

 Antisense: UUCUCAUGCUCACUGGACCtg 

 Taqman: Hs00173779_m1  

 shRNA: sc-72180-V 

S100A11 Sense: GAACUAGCUGCCUUCACAAtt 

 Antisense: UUGUGAAGGCAGCUAGUUCtg 

 Taqman: Hs01055944_g1  

 shRNA: sc-60314-V 

SLC18B1 Sense: GUGCUGAUAUUAGUUGUAAtt 

 Antisense: UUACAACUAAUAUCAGCACca 

 Taqman: Hs00917799_m1  

 shRNA:  sc-95546-V 

SLC7A11 Sense: GGCUGAUUUAUCUUCGAUAtt 

 Antisense: UAUCGAAGAUAAAUCAGCCca 

 Taqman: Hs00921938_m1  

 shRNA: sc-76933-V 

SLFN13 Sense: GCUGUAUACCAGAACAUAUtt 

 Antisense: AUAUGUUCUGGUAUACAGCtt 

 Taqman: Hs00431187_m1  
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 shRNA: sc-94095-V 

USP40 Sense: GGAAACUAGCUGUUAUACAtt 

 Antisense: UGUAUAACAGCUAGUUUCCtt 

 Taqman: Hs00332716_m1  

 shRNA: sc-94351-V 

Scramble Sense:  CGUUAAUCGCGUAUAAUACGCGUat 

Control Antisense: AUACGCGUAUUAUACGCGAUUAACGac 

ESD 

shRNA: sc-108080 

Taqman: Hs00382667_m1 

IPO8 Taqman: Hs00608519_m1 

MRPL19 Taqman: Hs00183533_m1 

 

 

 

 


