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Abstract

Purpose: Despite a growing arsenal of approved drugs, therapeutic resistance remains a
formidable and, often, insurmountable challenge in cancer treatment. The mechanisms underlying
therapeutic resistance remain largely unresolved and, thus, examples of effective combinatorial or
sequential strategies to combat resistance are rare. Here, we present Differential Sensitivity
Analysis for Resistant Malignancies (DISARM), a novel, integrated drug screen analysis tool
designed to address this dilemma.

Experimental Design: DISARM, a software package and web-based application, analyzes drug
response data to prioritize candidate therapies for models with resistance to a reference drug and to
assess whether response to a reference drug can be utilized to predict future response to other
agents. Using cisplatin as our reference drug, we applied DISARM to models from nine cancers
commonly treated with frontline platinum chemotherapy including recalcitrant malignancies such
as small cell lung cancer (SCLC) and pancreatic adenocarcinoma (PAAD).
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Results: In cisplatin-resistant models, DISARM identified novel candidates including multiple
inhibitors of PI3K, MEK and BCL-2, among other classes, across unrelated malignancies.
Additionally, DISARM facilitated the selection of predictive biomarkers of response and
identification of unique molecular subtypes, such as contrasting ASCL1-low/cMYC-high SCLC
targetable by AURKA inhibitors and ASCL1-high/cMY C-low SCLC targetable by BCL-2
inhibitors. Utilizing these predictions, we assessed several of DISARM’s top candidates including
inhibitors of AURKA, BCL-2, and HSP90 to confirm their activity in cisplatin-resistant SCLC
models.

Conclusions: DISARM represents the first validated tool to analyze large-scale /n vitro drug
response data to statistically optimize candidate drug and biomarker selection aimed at
overcoming candidate drug resistance.

Introduction

Cancer is the second leading cause of death in the United States (1), despite extensive efforts
to improve prevention, detection and treatment of malignancies. Survival for many patients
with inoperable cancer remains poor, largely owing to resistance to standard of care (SOC)
therapies and the lack of biomarkers to guide treatment with novel agents. Medical
oncologists have an ever-expanding repertoire of approved and experimental treatment
options from which to choose. Therefore, in many cases, the challenge has become selecting
the optimal treatment, or treatment sequence, for each patient--rather than a lack of available
therapies from which to choose.

Clinical and translational researchers have access to unprecedented volumes of drug
response data (2-5). Unfortunately, there is no standard approach for integrating response
data for multiple drugs. Preclinical data may show that in an unselected population of lung
adenocarcinoma (LUAD) models, 10% respond to drug X, while 5% respond to drug Y. If,
for example, drugs X and Y are found to both target the same population (e.g. EGFR-mutant
LUAD), then drug Y may have little utility. If, however, drug X targets EGFR-mutant
LUAD, while drug Y targets LUAD with ALK rearrangements, then the responding
populations are largely mutually exclusive (6) and drug Y may have a role for many tumors
that would not have responded to drug X. The distinction between overlapping and mutually
exclusive sensitive models would be elusive amidst the standard presentation of large-scale
drug screen data, especially in cases where the predictive biomarkers were not yet
established.

The lack of a systematic, unbiased approach to large-scale drug response data that allows
one to compare the activity of two or more drugs is a challenge that appears straightforward.
If we consider two drugs, one the SOC and another an experimental agent, a researcher can
quickly ascertain if the experimental agent has efficacy among instances where there is
resistance to the SOC. However, without well-characterized biomarkers or molecular targets
to narrow the researcher’s focus down to this single drug pair, the abundance of potential
pairs necessitates a formal approach to answer the unexpectedly challenging question, “/fa
tumor model is resistant to a drug X, to what other drug(s) may it respond?”. To address this
problem computationally, we have developed DISARM (Differential Sensitivity Analysis for
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Resistant Malignancies), a bioinformatics tool engineered to identify drugs with efficacy in
models where there is resistance to a drug of interest by iteratively comparing /in vitro 1Csg
(half-maximal inhibitory concentration) measurements between a designated reference drug
and all other available candidate agents assessed in equivalent models. In doing so,
DISARM is intended to not only streamline and standardize the identification and
prioritization of candidate drugs among scenarios of therapeutic resistance, but also to assess
the hypothesis that prior drug response data may be used to predict future responses to novel
agents across tumor types. DISARM has been designed as both a software package and as
an interactive web-based application intended to make DISARM accessible for the scientific
community at large.

Materials and Methods

DISARM formulation and workflow

DISARM generates a 2x2 table for each drug pair to identify those instances in which a
significant number of cell lines are sensitive to a candidate drug, despite resistance to the
reference drug. Here, Drug X is defined as the drug of interest to which all other Drug(s) Y
are compared. Let X denote the response to Drug X where X=0 and X=1 indicate sensitivity
and resistance, respectively, with the response to Drug(s) Y similarly represented with the
variable Y. Each sample is categorized into one of the four quadrants, where A, B, C and D
are the observed numbers of cell lines in each quadrant with total sample size N = A+B+C
+D. Thus, D represents the cell lines that are resistant to Drug X, but sensitive to Drug Y,
while C is the cell lines that are sensitive to both drugs, etc.

Drug X (Reference)

X=0 (Sensitive) | X=1 (Resistant)

Drug Y Y=1 (Resistant) A B
(Candidate)

Y=0 (Sensitive) C D

DISARM aims to identify those drug pairs in which D represents a significant portion of the
cell lines, as this suggests a niche in which samples are sensitive to Drug Y but not Drug X.

Specifically, let D represent the random variable associated with the number of samples
resistant to Drug X but sensitive to Drug Y (X=1 and Y=0) and the value of D=q. If t49 is
sufficiently large (for example, significantly larger than zero), this suggests Drug Y is a
potential alternative (or, complementary) treatment to Drug X.

To identify such candidates, we formulate the following one-sided hypothesis testing:

HO:MIO <y

H11ﬂ10>)/
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Here yis a threshold value, specified by the user, for the minimum number of samples being
both resistant to Drug X and sensitive to Drug Y.

The Wald test statistic which follows the standard Gaussian distribution is defined below:

Hio—7
- m~N(O,1) (1)

When the response is randomly distributed, we have 19 = Np(1 = p,) where py is the
probability of a sample being resistant to Drug X and py is the probability of a sample being

. - —— o~ — _ b+d o b
resistant to Drug Y. We can estimate 4, = Np (1 — Py where p_ = % and Py = a[-i\-/ _
Var(uy) can be estimated by the Delta-method.

2 a+b
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Thus, the test statistic becomes:

(b+d)(1 _ ";”)—y

T= 3)
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The test statistics described here differs from Fisher’s exact test in the purposes and
hypotheses. Fisher’s exact test is a test of independence between rows and columns in a two-
way contingency table, while our test concerns one of the 4 quadrants only (i.e., quadrant
D), and tests the number in that quadrant against a threshold value y.

We defined the value computed from equation (3) as DISARM score. This score follows a
standard normal distribution. It is just as a standard score or Z-score and can be placed on a
normal distribution curve. A higher DISARM score corresponds to higher significance level.

ICsq values have limitations as a measure of drug sensitivity, such as the fact that this value
is undefined for some drug-cell line pairs in which ICsg exceeded highest tested
concentration. However, the widespread availability of this value, particularly for tumors of
interest in this analysis, outweighs these shortcomings. Usually, drug sensitivity data such as
ICs0 and Glgg (50% growth inhibition) are continuous. However, DISARM requires the
specification of a boundary between sensitivity and resistance. To permit flexibility in
defining such a cut-off, DISARM users can discretize 1Cgq values based on quantiles or
other approaches (e.g. known maximum serum concentration, or Cyax). This process is
intentionally arbitrary to accommodate a variety of applications of DISARM — applications
that may range from users casting a broad net in initial exploratory analyses with expected
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high false discovery rates to efforts to identify only the most extreme outliers for expensive
and time intensive animal based studies. We employ a filter on the mean ICsg value of both
Drug X and Drug Y for samples in quadrant D to ensure that these values accurately reflect
resistance to Drug X and sensitivity to Drug Y, when this data is available. For example, in
the subsequent analyses using cisplatin as a reference drug, we ensure that 1Cgq cut-off for
cisplatin resistance exceeds the Cyax Of cisplatin (7.04 uM) in all cases. DISARM was
designed to allow the user to easily test multiple thresholds in rapid succession to identify
the most appropriate criteria for their application. Candidates can then be prioritized based
upon a number of variables that may be of particular importance to the user including the
DISARM score and its associated p-value, the proportion of samples in quadrant D or mean
ICsq values for selected candidate drugs. Each analysis that follows employs a unique set of
selection criteria, filters and cut-offs that are outlined below.

Sensitivity groups were based on quantiles of 1Cgq values and results represented here were
generated using the highest 25% of 1C5q values for each drug as threshold for resistance. For
instances where 1Csg was not reached experimentally, the highest tested concentration is
considered the ICsq and the cell line is, therefore, considered resistant. After initial results
were generated, an additional filter was applied to minimize false positive selections. To
further prioritize drug candidates, we applied several filters based on mean 1Cs values of
cell lines in quadrant D for drug A (u1) and drug B (42), DISARM score and proportion of
samples in quadrant D (proportion score, or prop D). For the analysis of SCLC alone, we
required pl fall in the upper quantile among all candidate drugs (> 60%) and p2 in the lower
quantile among all candidate drugs (< 40% in our case). For the analysis of multiple cancer
types, we required pl fall in the upper quantile among all candidate drugs (> 45%) and u2 in
the lower quantile among all candidate drugs (< 40% in our case). For all analyses, we
required a DISARM score larger than 2.0 and prop D larger than 0.2. As with discretization
process, we encourage users to exploit the ease of applying various filtering cut-offs to yield
the scale and stringency of results they desire. The DISARM web application is not
currently designed to incorporate cut-offs for DISARM score, proportion of samples in
quadrant D, or mean ICsq values. This is intentional, since different scenarios will call for
more or less stringent application of such cut-offs to yield manageable candidate lists.
However, the web application is designed to make the use of such filters and cut-offs
straightforward (see Supplementary Figs. S1 and S2).

Gene and protein expression.

Gene expression data includes publicly available data (7,8) as assessed by exon array, as
well as data that we generated via Affymetrix Human Genome U133 Plus 2 arrays as
previously described (9). Protein expression was assessed for 171 total and phospho-proteins
in small cell lung cancer cell lines by reverse phase protein array (RPPA) as previously
described (9).

Statistical analyses.

In addition to the statistical analysis inherent to DISARM (described above), biomarker
analysis employed student’s T-test when performing binary comparisons between sensitive
and resistant groups. Elsewhere, we used Spearman rank correlation to assess the
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correlations between ICsq values and individual RPPA protein markers. To account for
multiple hypotheses testing, we applied a beta-uniform mixture model (BUM) to the
resulting p-values computed from test statistics in order to estimate false discovery rates
(FDRs). Appropriate FDR cut-offs were applied to identify significant biomarkers(10). We
used R packages to perform all statistical analyses (https://cran.r-project.org/web/packages/
and https://www.bioconductor.org/).

Cell culture

Cell lines were grown in RPMI unless otherwise mentioned by the provider (9) with 10%
fetal bovine serum and antibiotics, cultured at 37°C in a humidified chamber with 5% CO2.
All cell lines included in the study were profiled at passage 4-8 to abrogate the
heterogeneity introduced by long-term culture. All cell lines were tested for Mycoplasma at
the time of thawing as previously described (11) and the characteristic phenotype (floating
aggregates and colony formation) of SCLC cell lines.

DNA fingerprinting to confirm cell line identity

DNA from 5-6 x 106 cells was isolated using a QlAamp DNA mini kit (Qiagen, Valencia,
CA, USA) following the manufacturer’s protocol. DNA was eluted in 100ul of elution buffer
(Buffer AE, Qiagen, Hilden, Germany). The concentration of the eluted DNA was measured
by the absorbance at 260 nm, and the purity of the eluted DNA was determined by the ratio
of the absorbance at 260 nm to the absorbance at 280 nm. About 50 ng of DNA was used for
DNA fingerprint analysis of short tandem repeat profiling (PowerPlex 16 hs, Promega;
Madison, WI, USA) to authenticate each cell line. The analysis system used covers at least
eight short tandem repeat loci. Fingerprinting results for each cell line were compared to
reference fingerprints from the Cancer Cell Line Encyclopedia (CCLE) (12).

Cell viability assay treatments

Cell lines were plated at 2000 cells per well in 96 well plates 24 hours prior to treatment
with drug using cell culture conditions described above. Each line was treated, in triplicate,
with respective agents (cisplatin, obatoclax, 17-AAG, and alisertib) starting at 33 pM
followed by 1:10 serial dilutions (3.3 uM, 0.33 uM, 0.033 M) and DMSO-only control.
Following 120 hour incubations, cell viability was assessed using CellTiter-Glo Luminescent
Cell Viability Assay (Promega; Wisconsin, USA).

Calculation of drug parameters

For single-agent analysis, we estimated 1Csq values by using the software program
drexplorer, which fitted multiple dose-response models and selected the best model using the
residual standard error (13).

Results

DISARM validation

To assess DISARM’s design, we tested drug pairs in which the reference drug is a SOC
therapy and the candidate drug is an approved option following resistance to the SOC agent.
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In the case of metastatic non-small cell lung cancer (NSCLC) with exon 19 deletions or
L858R mutation in EGFR, SOC therapy includes tyrosine-kinase inhibitors (TKIs) such as
erlotinib, gefitinib or afatinib (14), which provide high initial response rates (RR) but to
which resistance almost inevitably develops. In approximately 50% of patient tumors (15),
this resistance is due to the acquisition of a second EGFR mutation, 7790M. Response data
(Fig. 1A) were adapted from a prior study (15) wherein osimertinib, initially approved by
the United States Food & Drug Administration (FDA) only for patients who have developed
resistance via T790M, was identified by DISARM as a viable candidate in this setting (Fig.
1B). Specifically, 40% of erlotinib-resistant NSCLC cell lines (ICsq values > ~160
nanomolar (nM)) were sensitive to osimertinib (ICsq values < ~160 nM) and these were the
cell lines with 7790M EGFR mutations.

A second example is demonstrated for chronic myelogenous leukemia (CML), wherein
treatment typically begins with a tyrosine-kinase inhibitor targeting the BCR-ABL fusion
protein, including dasatinib, nilotinib and imatinib. For patients whose leukemia develops
resistance to these agents, often via a T3151 mutation in BRC-ABL, ponatinib was identified
by DISARM as an attractive candidate (Fig. 1C and D) with data adapted from a prior study
(16), and ultimately FDA approved for this clinical setting. In this case, all five CML lines
that were resistant to dasatinib (ICgg > ~15 nM) were sensitive to ponatinib (ICgsq < ~15
nM). In each case, our analysis accurately reflects the clinically established relationships
between these drug pairs.

DISARM identifies common vulnerabilities in platinum-resistant SCLC

The need for active drugs for platinum-resistant cancers is especially urgent in the case of
small cell lung cancer, the most aggressive form of lung cancer. Platinum chemotherapy
represents the backbone of all SOC first-line therapies in SCLC. While initial response rates
exceed 50%, platinum-resistance develops rapidly and nearly universally, often within
months (17). Furthermore, platinum-resistance is associated with cross-resistance to second-
line chemotherapy agents with only one FDA approved second-line treatment (topotecan) to
which less than 5% of platinum-resistant and refractory patients respond (17).

Using cisplatin, the most widely prescribed platinum agent, as our reference drug, we
applied DISARM to the problem of platinum-resistance in small cell lung cancer (SCLC).
We employed 1Csq data for cisplatin generated by our lab for SCLC cell lines (18), along
with publicly available ICsg data (7) for 526 FDA-approved and investigational anti-cancer
agents in the same cell lines. After filtering (as described in DISARM formulation and
wor kflow), DISARM selected 31 candidate drugs, including 26 with defined molecular
targets (Fig. 2A). The top 31 drugs share numerous targets, including six drugs which target
PI3K or mTOR, and multiple drugs targeting AURKA, BCL-2 family proteins, proteasomes
and cyclin-dependent kinases. Notably, the 526 analyzed candidate drugs included 23 drugs
which target PI3K or mTOR and, of these 23 drugs, 19 met initial selection criteria with
DISARM scores >2.0 and p-values <0.05. The top six candidates of this class, determined
by subsequent filtering selection, are illustrated here. The reoccurrence of similar drug
classes from a highly diverse pool of candidates suggest that cisplatin-refractory models of
SCLC share common vulnerabilities that warrant further pursuit.
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Among cisplatin-resistant cell lines, we observed distinct subgroups that respond to multiple
drugs from similar classes. For example, cell lines H1930 and DMS-273 are sensitive to all
six selected inhibitors of PI3K and mTOR, while H196 is sensitive to five of them.
Hierarchical clustering of cell lines on the basis of similarity of categorical sensitivity (or
resistance) to DISARM-selected candidates revealed two predominant clusters (Fig. 2B).
The first cluster is comprised of lines sensitive to inhibitors of PI3K/mTOR, AURKA and
CDKs, among other targets. The second cluster is comprised of lines sensitive to inhibitors
of the BCL-2 pathway, proteasomes and HDACs, among others. Of the cell lines that are
sensitive to none of the PI3K/mTOR inhibitors, all five (H2029, H1417, H128, H2330,
COR-L8B8) are sensitive to both agents targeting the BCL-2 pathway. Similarly, of the lines
that are sensitive to none of the agents targeting the BCL-2 pathway, all four (H378,
SHP-77, DMS-273 and H196) are sensitive to at least two inhibitors of PI3K/mTOR. These
observations suggest that subsets of SCLC cisplatin-resistant models may be defined by
distinct molecular vulnerabilities.

Candidate drugs identified by DISARM share common predictive biomarkers in SCLC

models

We then tested whether the distinct groups of cell lines identified on the basis of sensitivity
to candidate drugs that target the same molecule also shared common molecular profiles that
could be leveraged to identify predictive biomarkers. For the four drugs targeting PI3K, we
compared publically available mRNA (7) and protein expression generated by our lab
(18,19) between sensitive and resistant cell lines, as determined by DISARM, to identify
predictive biomarkers of sensitivity (Fig. 2C; Supplementary Tables S1 and S2). These
analyses suggest that low expression of the gene NKX2—-1and its associated protein, TTF-1,
is predictive of response to PI3K inhibitors. Notably, most tumors of suspected lung origin,
including SCLC, are assessed for TTF-1 status by immunohistochemical (IHC) staining
performed as part of the pathologic diagnosis with approximately 80-85% considered TTF-1
positive based on IHC (20). A similar analysis of AURKA sensitive and resistant cell lines
again identifies low NKX2-1/TTF-1 expression as a predictive biomarker of AURKA
inhibitor sensitivity (Fig. 2D; Supplementary Tables S3 and S4). AURKA sensitive cell lines
were also characterized by low expression of ASCL 1, a transcription factor that regulates
neuroendocrine differentiation and is required for tumor formation in murine SCLC models
(21). These findings suggest the presence of a TTF-1 low, platinum-resistant niche within
SCLC, consistent with the observation that TTF-1 negative extensive-stage SCLC patients
have poorer response to platinum-based therapy (20). High levels of MYCand c-MYC
mRNA and protein expression were also identified as markers of AURKA inhibitor
sensitivity (Fig. 2D). This is compatible with recent data suggesting that in SCLC, MYC is
induced by NEUROD1, a transcription factor that defines a cellular population that is largely
mutually exclusive with ASCL1 expressing cells in SCLC (21). The resulting MY C-high,
neuroendocrine-low (ASCL1-low/NEUROD1-high) SCLC subset is characterized by
susceptibility to AURKA inhibition (22-24).

DISARM identifies common candidates and biomarkers in SCLC and LUAD

Platinum-resistance is a challenge that extends beyond SCLC. Thus, we sought to broaden
the scope of DISARM'’s application to additional tumor types commonly treated with first-
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line platinum therapy. We began by applying DISARM to drug treatment data from models
of LUAD, the most common form of lung cancer. Although SCLC and LUAD are
commonly treated with cisplatin-containing regimens, they are otherwise clinically and
biologically distinct. Employing drug response and expression data for 138 drugs in 44
SCLC and 39 LUAD cell lines from the Genomics of Drug Sensitivity in Cancer (GDSC)
database (25), we identified candidate drugs (Fig. 3A) and drug targets (Fig. 3B) for
platinum-resistant models, including shared targets such as mTOR, BCL-2 and HSP90.
These results demonstrate that there are both shared and cancer type-specific targets among
platinum-resistant LUAD and SCLC. While the unique targets may reflect fundamental
differences in tumor biology, the common drugs and classes highlight examples of common
vulnerabilities in platinum-resistant lung cancer models. We present one such example in the
BCL-2 inhibitor obatoclax, selected by DISARM as a candidate therapy for both platinum-
resistant LUAD and SCLC (Fig. 3C). Using a common drug or target, we can repeat a
similar analysis of MRNA expression, this time between tumor types, to identify predictive
biomarkers of obatoclax sensitivity common to both LUAD and SCLC (Fig. 3D;
Supplementary Table S5). Here we find that many of the predictive biomarkers of sensitivity
are histology-specific, while others, including increased gene expression of the transcription
factor ASCL 1 (21), are common between the two (SCLC: FC = 6.4, p = 0.04; LUAD: FC =
1.4, p = 0.05). We also observed a trend toward increased expression of BCL-2 protein
predicting sensitivity in both histologies (SCLC: FC = 4.6, p = 0.051; LUAD: FC=1.67,p =
0.08) consistent with others’ observations (7,24). Examining tumor-specific biomarkers in
SCLC, we observed decreased MY C expression as a significant predictor of sensitivity to
both obatoclax (FC = -5.3, p = 0.03) and another BCL-2 inhibitor selected by DISARM in
this analysis, TW-37 (FC -5.2, p = 0.02). In opposition to the prior biomarker analysis for
AURKA inhibitors in SCLC wherein low ASCL1 and high MYC predicted sensitivity (Fig.
2D), these data suggest that BCL-2 inhibitors target a unique subset of SCLC with
contrasting (i.e. ASCL 1-high, MY C-low) molecular determinants. This is consistent with
prior observations regarding ASCL1 and BCL-2 inhibitors(7) and tracks with the
observation from Fig. 2B that largely non-overlapping subsets of platinum-resistant SCLC
respond to AURKA inhibitors and BCL-2 inhibitors.

DISARM reveals shared vulnerabilities across platinum-resistant solid tumor models

In an effort to extend this analysis beyond lung cancers, we selected nine tumor types for
which a platinum-based therapy is an established first-line therapy according to NCCN
guidelines (14,26-33), and for which adequate drug response data were available in GDSC.
These included SCLC (n=44 cell lines), LUAD (n=39), stomach adeno-(STAD; n=17),
pancreatic adeno-(PAAD; n = 15), ovarian (OV; n = 19), head and neck squamous cell
(HNSC; n=19), esophageal (ESCA; n = 21), colon adeno-(COAD; n = 34) and bladder
carcinoma (BLCA,; n = 17). There were 138 total drugs with adequate ICsq data for each of
these nine tumor types available in GDSC. DISARM'’s analyses revealed unique
(Supplementary Tables S6-S14) and common (Fig. 4A and B) drugs and targets across
cisplatin-resistant models of different tumor types. Multiple DISARM-selected candidates
were agents commonly paired with platinum as SOC therapy. For example, in SCLC,
etoposide, which is partnered with cisplatin in SOC frontline therapy for SCLC, is selected
by DISARM as a candidate (27,34). Similarly, gemcitabine, selected by DISARM as a
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candidate for BLCA, is paired with cisplatin as a standard frontline regimen for locally
advanced or metastatic BLCA (26,35), while the alternative standard frontline regimen pairs
cisplatin with three drugs - methotrexate, vinblastine and doxorubicin (as MVAC), the latter
two also having been selected by DISARM in this analysis. Meanwhile, numerous other
DISARM-selected candidates are acceptable therapies for the tumor type in question, often
following prior platinum treatment, including vinorelbine and docetaxel for SCLC (27) and
docetaxel for ESCA (32). DISARM'’s demonstration that these agents are effective despite
cisplatin resistance is consistent with clinical observations for cisplatin combination and
post-cisplatin treatment.

Selection as a candidate therapy by DISARM implies that a drug is effective in cisplatin-
resistant models, but DISARM’s analyses also permit a determination as to whether any of
these candidates are more effective in cisplatin-resistant models. By comparing mean ICsx
values for cell lines in quadrants A and C (cisplatin-sensitive) to quadrants B and D
(cisplatin-resistant) for each DISARM candidate from Fig. 4A across each malignancy, we
were able to identify a number of agents with lower mean ICgq values in cisplatin-resistant
models (Supplementary Fig. S3). While superiority in cisplatin-resistant versus cisplatin-
sensitive models varies by malignancy for many agents, some patterns do emerge. For
example, several conventional chemotherapeutic agents seem to consistently perform better
in cisplatin-sensitive models, including vinblastine and etoposide for every malignancy in
which DISARM selected these agents as candidates. Meanwhile, bryostatin-1, a protein
kinase-C (PKC) inhibitor, has a superior mean 1Csq value in six different malignancies,
consistent with previous data suggesting that depletion of PKC can restore cisplatin
sensitivity(36).

DISARM’s analyses also revealed several targeted therapies with potentially novel utility
across platinum-resistant malignancies including multiple inhibitors of PI3K, mTOR,
BCL-2, HSP90, and MEK (Fig. 4A and B). Agents targeting MEK were common candidates
throughout this analysis, as seven of the nine tumor types analyzed had at least one MEK
inhibitor selected by DISARM. In several cases, numerous MEK inhibitors were selected by
DISARM for the same tumor type, including two each for HNSC and STAD, and four (of
only 18 total post-filtering candidates selected) for PAAD. Independent analyses further
supported a role for the MAPK (Raf-MEK-ERK) pathway in mediating cisplatin resistance.
We correlated the 1Cgq of cisplatin for many of our SCLC cell lines with total and
phosphorylated proteins quantified by our lab using reverse-phase protein array (RPPA)
(Supplementary Fig. S4A). Using Spearman correlation, we found that MAPK pathway
effectors were significantly higher in cisplatin resistant cell lines, as compared to platinum
sensitive lines (Supplementary Fig. S4A and B). Specifically, high expression of pS217
MEK1/2 (p=0.01), pT202_Y204 MAPK (p=0.008), pT180 p38 (p=0.003), and p90RSK
(p=0.03) (Supplementary Fig. S4B) were all correlated with cisplatin resistance. While these
cisplatin-resistant cell line models are derived from a range of treatment naive and treatment
refractory patients, we can directly investigate whether MAPK signaling is upregulated
during the acquisition of cisplatin resistance. To do this, we used human SCLC H69 cells
(cisplatin ICsq < 1 uM), which were originally derived from a treatment naive SCLC patient,
and treated with increasing doses of cisplatin until cells developed resistance to cisplatin
(HB9/CR (cisplatin resistant); cisplatin 1Cgg >10uM) (37). Similar to the previous analysis,
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comparisons of RPPA-based protein expression profiles between the H69 (parental) and
H69/CR lines revealed a nearly two-fold increase in expression of pT202_Y204 ERK
(p=0.008; FC = 1.95) in the platinum-resistant lines as compared to the platinum-sensitive
parental cell line (Supplementary Fig. S4C). These data suggest increased expression and
activation of MAPK components including MEK are characteristic of cisplatin resistance in
SCLC and that inhibition of MEK may be a viable treatment strategy for overcoming
resistance to cisplatin.

Experimental validation of DISARM candidates

All nine tumor types from GDSC analyzed by DISARM had at least one BCL-2 inhibitor
selected, while eight of nine had at least one HSP90 inhibitor selected. The most commonly
selected candidates from each class were obatoclax and 17-AAG (tanespimycin), which
were identified in six and seven tumor types, respectively, including SCLC. To assess
obatoclax we identified two cell lines not included in the previous GDSC obatoclax analysis
(H1672 and H841) that were expected to be cisplatin resistant with the expectation that
obatoclax may be effective in these models. As predicted, we found that both lines were
sensitive to obatoclax and resistant to cisplatin according to DISARM’s classification
(Supplementary Fig. S5A-C). For 17-AAG, we again selected two cell lines predicted to
have cisplatin resistance (H1436 and H2227) that did not appear in our prior GDSC 17-AAG
analysis and similarly found that these cell lines were sensitive to 17-AAG but resistant to
cisplatin per DISARM (Supplementary Fig. S5D-F).

DISARM’s analysis of SCLC (Fig. 2A-B, D) identified AURKA inhibitors as a candidate
drug class in cisplatin resistant disease. To validate this prediction, we utilized previously
published ICsq data for alisertib (24), an AURKA inhibitor not included in our previous
analysis to generate a DISARM 2x2 plot for alisertib. In light of the prediction that AURKA
inhibitors would be effective in cisplatin-resistant models with high cMYC and low TTF1
expression, we selected two additional models beyond the available data set for experimental
validation — NJH29, which is cisplatin-resistant, cMY C-high, and TTF1-low (Fig. 5A-B),
and H2227, which is cisplatin-resistant, cMY C-low, and TTF1-high (Fig. 5A-B). Cell
proliferation assays determined ICsq values for alisertib in each model. While we confirmed
that both models are cisplatin-resistant, we find that NJH29 is alisertib sensitive, while
H2227 is alisertib resistant, as predicted by our biomarker analysis (Fig. 5C-E). Together,
these experimental observations support DISARM’s capacity for predicting effective
therapies using reference-drug sensitivity as a selection criteria, as well as more
conventional biomarker-driven approaches.

DISARM Web Tool

In order to make DISARM available to the research community to explore other reference
drugs, cancer types and datasets, we have designed a JavaScript-based web tool that allows
users to utilize DISARM interactively according to their specific needs (Supplementary
Figs. S1 and S2). This tool allows the users to select an applicable database for query, assign
a reference drug (i.e. Drug X) of their choice and select either quantile-based or specific
ICsq value cut-offs for sensitivity and resistance of their reference drugs and all candidate
drugs. For example, an investigator interested in PAAD could query the DISARM
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application for a list of active drugs in the setting of resistance to gemcitabine, one of the
SOC frontline chemotherapy agents for PAAD. The investigator is then provided with a
searchable and sortable list of candidate drugs from the queried database, with multiple
sortable options for prioritization including p-values and DISARM scores. Bonferroni
correction is applied on the resulting p-values in order to correct for multiple hypotheses
testing. Selection of a candidate drug of interest yields an interactive scatter plot and 2x2
table for each reference-candidate drug pair. The tool is packaged into a Docker container to
facilitate sharing and deployment across multiple operating systems. DISARM web-based
tool is available at http://ibl.mdanderson.org/DISARM/index.html and requires Mozilla
Firefox or Google Chrome browser for access. Note that any discoveries made using
DISARM software package or web-based tool will belong solely to the users, although we
do request that users reference the application

DISCUSSION

In this study, we introduce a new computational tool that can identify candidate drugs with
activity in resistant cancer models. As a proof of concept, we first show that DISARM
accurately identifies targeted treatments (X and Y) with clinically established activity in
tumors with resistance to erlotinib and dasatinib. Osimertinib and ponatinib are rarities in
current clinical practice — oncology drugs with clear clinical indications following resistance
to SOC therapy and with known predictive biomarkers of response. In contrast, there is a
critical, unmet need for therapeutic strategies that overcome or delay resistance to platinum
chemotherapy, the most widely prescribed chemotherapeutic drug class (38). In its analyses
of multiple databases and tumor histologies vis-a-vis cisplatin resistance, DISARM
identified multiple agents and classes, including several targets previously implicated in
mediating platinum resistance. For example, PI3K pathway activation and BCL-2
overexpression are observed in platinum-resistant ovarian cancer (39-41), while cisplatin
resistance in ovarian and bladder cancer cells can be overcome via the addition of HSP90
inhibitors (42,43). MEK inhibitors are an especially intriguing result from this analysis as
targeting MEK has a well-characterized role in overcoming treatment resistance in the case
of BRAF inhibitors in BRAF mutant melanoma and lung cancer (44-46), ultimately leading
to FDA approval of trametinib (melanoma; NSCLC) and cobimetinib (melanoma) for these
indications. Previous data have also supported MAPK pathway activation as a mediator of
cisplatin resistance in HNSC — resistance that was successfully reversed with MEK
inhibition (47).

While these cases offer some validation to DISARM’s selections, further expanding the
repertoire of active agents is critical for clinical progress, as eradication, or even long-term
control, of tumors using systemic treatment typically requires multiple drugs, with multiple
mechanisms of action and resistance. Unfortunately, in most cancers, countless trials
combining SOC chemotherapy with targeted therapy have failed to yield significant
improvements over SOC. Should effective treatment combinations already exist among
agents previously assessed, there is currently no efficient way of identifying them. Although
current drug databases largely contain single drug response data, DISARM may help to
identify rational combinations for further exploration and biomarker-selected populations
where they may have the greatest activity. To determine which of the 526 drugs in the
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existing dataset (7) would best complement cisplatin in SCLC requires 526 combination
treatment experiments, while DISARM, as applied here, offers an alternative 31 experiment
shortcut by selecting the most probable candidates. Our analyses demonstrate that DISARM
can serve to initiate and facilitate rapid progress from therapeutic impasse to rational,
biomarker-driven combinatorial or sequential treatment paradigms for all cancer types. For
example, DISARM’s analysis suggests the use of PI3K and AURKA inhibitors specifically
in TTF-1 negative SCLC. As TTF-1 testing is already ubiquitous for lung tumors,
subsequent preclinical validation of TTF-1 negative status as a predictor of PI3K and
AURKA inhibitor sensitivity could immediately be translated into clinical use without repeat
biopsies or the optimization of new biomarker assays. Furthermore, DISARM’s approach
with respect to cisplatin resistance and PI3K and AURKA inhibitors demonstrated its utility
for elucidate novel molecular subtypes. In these cases, we were able to uncover several
uncommon SCLC subtypes that were until recently, largely obscure, including overlapping
ASCL1-low, TTF1-low, and cMYC-high subtypes (21,23,24), all of which had been
previously shown to possess platinum resistance and possess unique targets relative to the
dominant ASCL1-high, cMYC-low subtypes. The latter subtype, in our analysis as in others’
(7), appears targetable by BCL-2 inhibitors such as obatoclax and TW-37. The success of
our approach to resolve even rare subtypes suggests that a DISARM:-initiated approach,
wherein a researcher begins with a subset of cells with defined drug response and then works
in reverse through molecular analysis may be an efficient way to dissect molecular subtypes.

Our results for cisplatin resistance across multiple solid tumors reveal many alternative drug
candidates with common predictive biomarkers. While there exists considerable
disagreement in the literature regarding the reproducibility of /n vitro drug data between
multiple data sets (48,49), raising concerns about the reproducibility of DISARM’s results
when applied to the same reference drug across multiple data sets, the observation that
similar agents and drug classes emerge as candidates from DISARM'’s analysis of multiple
data sets is reassuring. These common results imply that platinum resistance may be a
biological state (or, more accurately, series of states) shared across multiple histologies. In
other words, resistance to platinum may predict alternative, active therapeutic options
independent of tumor histology. The DISARM approach does possess all of the potential
limitations of analyses that focus exclusively on /n vitro data, as well as those associated
with excessive reliance on 1Csq data as a measure of drug efficacy However, several
DISARM-selected candidates present opportunities for clinical validation of our /in vitro-
derived results. For example, in BLCA, doxorubicin and vinblastine, which constitute two of
the three drugs added to cisplatin in the frontline SOC regimen MVAC, were identified as
top candidates in cisplatin-resistant disease by DISARM. Previous prospective trial data
found that RR in advanced urothelial cancer patients was more than three-fold higher (39%
and 12%) with MVAC than with cisplatin alone, along with significant improvements in
progression-free survival (PFS) and overall survival (OS) (50). Another DISARM-selected
candidate in BLCA, gemcitabine, when paired with cisplatin, represents the other SOC in
advanced urothelial cancer, in which gemcitabine/cisplatin offers comparable RR, PFS, and
OS to MVAC(35). While at this time DISARM is intended as an efficient method to narrow
a researcher’s initially broad net and to streamline subsequent, more sophisticated analyses
in vitroand in vivo,ultimately, DISARM could be adapted to /n vivo or even human clinical
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data, substituting tumor measurements or PFS for multiple lines of therapy in place of 1Cxy.
With appropriate validation, it is realistic to imagine a clinical trial designed not around a
specific histology but instead targeting patients with multiple tumor types who share
resistance to a common reference therapy.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Statement of Translational Relevance

Resistance to standard-of-care therapy is a fundamental challenge of cancer care.
Following resistance to many of the most commonly prescribed chemotherapies and
targeted therapies, selection of subsequent lines of therapy is rarely optimized to
overcome this resistance. Differential Sensitivity Analysis for Resistant Malignancies
(DISARM) is a computational tool specifically designed to address the issue of
optimizing the selection of therapy following resistance to a drug of interest. Using
DISARM, we identified several agents that retain efficacy, or even have improved
efficacy, following the development of cisplatin resistance, including inhibitors of
AURKA, PI3K, BCL-2, and HSP90. DISARM'’s analyses allow us to identify both
previously validated and novel biomarkers that predict improved response to DSIARM-
identified candidates relative to cisplatin, predictions that we independently validate.
DISARM offers a high-throughput approach to optimizing preclinical and clinical
experimental design to approach resistance to any drug of interest.
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A

Cell Line Genetic Background Erlotinib IC50 (nM) Osimertinib IC50 (nM) Quadrant
PC-9/BRe1 EGFR ex19del/T790M >250 (resistant) <10 (sensitive) D
HCCB827ER1 EGFR ex19del/T790M >250 (resistant) <10 (sensitive) D
H3255/XLR EGFR L858R/T790M >250 (resistant) <10 (sensitive) D
H1975 EGFR L858R/T790M >250 (resistant) 30 (sensitive) D
PC-9 EGFR ex19del 30 (sensitive) 100 (sensitive) Cc
HCC827 EGFR ex19del 15 (sensitive) <10 (sensitive) c
HCC4006 EGFR ex19del 50 (sensitive) <10 (sensitive) Cc
H3255 EGFR L858R 25 (sensitive) <10 (sensitive) (0]
11-18 EGFR L858R 100 (sensitive) 30 (sensitive) c
11-18/ER EGFR L858R + NRAS mut >250 (resistant) >250 (resistant) B
Calu3 EGFR WT >250 (resistant) >250 (resistant) B
NCI-H2073 EGFR WT >250 (resistant) >250 (resistant) B
HCC827ER2 | EGFR ex19del + MET amp >250 (resistant) >250 (resistant) B
H1650 EGFR ex19del + PTEN loss >250 (resistant) >250 (resistant) B
HCC4006 EGFR ex19del* >250 (resistant) >250 (resistant) B

Cell Line Genetic Background Dasatinib IC50 (nM) Ponatinib IC50 (nM) Quadrant
Ba/F3 T135I BCR-ABL T315I >300 (resistant) 8 (sensitive) D
Ba/F3 G250E BCR-ABL G250E >300 (resistant) 8 (sensitive) D
JURLMK1R BCR-ABL* >30 (resistant) 10 (sensitive) D
Lama BCR-ABL* 30 (resistant) 1.5 (sensitive) D
LamaR BCR-ABL* >300 (resistant) 10 (sensitive) D
Ba/F3 BCR-ABL 1 (sensitive) 1 (sensitive) C
K562 BCR-ABL 0.5 (sensitive) 6 (sensitive) C
JURLMK1 BCR-ABL 0.5 (sensitive) 1 (sensitive) C
K562R BCR-ABL* 3 (sensitive) 30 (resistant) A

Figure 1. DISARM design and validation.
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(A) Adapted ICsq data (15) for NSCLC cell lines treated with the EGFR inhibitors erlotinib
and osimertinib, the latter of which is effective in instances of EGFR T790M erlotinib
resistance mutations. (C) DISARM-generated 2x2 plot for erlotinib (reference) and
osimertinib (candidate) pair, in which DISARM accurately selects osimertinib as an
effective agent in erlotinib-resistant NSCLC. Each black dot in 2x2 plot indicates a specific
cell line. (D) Similarly, adapted ICsq data for CML cell lines (16) treated with the BCR-
ABL inhibitors dasatinib (reference) and ponatinib (candidate), the latter of which is an
effective therapy in instances of BCR-ABL T315/ resistance mutations. (E) DISARM
correctly selects ponatinib as an effective therapy for dasatinib-resistant CML. (B-E) ICsg
and log10(ICsq) values are expressed in nanomolar (nM) concentration.
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Figure 2. DISARM identifies candidate drugs for cisplatin-resistant SCL C including inhibitors

of PI3K, mTOR and AURKA.

(A) Drug-target constellation (DTECT) map highlighting top candidates selected by
DISARM for cisplatin-resistant SCLC using previously reported ICgq values (7) (B)
Heatmap clustering cell lines on the basis of similarity in sensitivity to candidate agents
reveals two distinct subsets of cisplatin-resistant SCLC, a subset that is cisplatin-resistant but
sensitive to inhibitors of PI3K, AURKA and others (upper left) and another subset that is
cisplatin-resistant but sensitive to BCL-2 and proteasome inhibitors, among others (lower
right). (C) Venn diagrams depicting shared mRNA (left) and protein (right) predictive
biomarkers of sensitivity of SCLC cell lines to four PI3K inhibitors selected as candidates
by DISARM (see also Tables S1-S2). (D) Similar Venn diagrams for sensitivity to two
AURKA inhibitors selected as candidates by DISARM (see also Tables S3-4).
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A Common and unique candidate drugs in SCLC and LUAD
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Common and unique targets in SCLC and LUAD
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Figure 3. DISARM identifies common candidates for cisplatin-resistant SCLC and LUAD.
(A-B) Maps illustrating common and unique drugs (A) and drug targets (B) selected as top

candidates by DISARM for SCLC and LUAD using ICgq data from GDSC. (C) Examples of
DISARM-generated 2x2 plots for obatoclax, selected by DISARM for both cisplatin-
resistant SCLC and LUAD. ICsgq values are reported as pM. (D) Venn diagram illustrating
numbers of unique and common mRNA-based predictive biomarkers of obatoclax sensitivity
between SCLC and LUAD, including increased expression of the transcription factor

ASCL1 (See also Table S5).
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Figure 4. DISARM identifies common candidates across cisplatin-resistant solid tumors.
(A) Plot depicting drugs selected by DISARM as candidates in cisplatin-resistant models

from at least two of the nine malignancies analyzed via 1Csq data from GDSC. Dot colors
and sizes indicate DISARM scores and statistical significance. (B) Map illustrating
interrelatedness of targets identified in multiple tumor types in this same analysis.
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Figure 5. DISARM accurately predicts biomarkersfor AURKA sensitivity.
(A,B) Bar graphs depicting RPPA-based expression of cMYC and TTF1 for NJH29 and

H2227 relative to other SCLC cell lines. Bar graphs illustrating experimentally observed
ICsq values for NJH29 and H2227 for cisplatin (C) and alisertib (D) relative to other SCLC
cell lines along with classification according to DISARM 2x2 plot (E).
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