Primary Transcriptional Responses Predict Susceptible Patient Populations
Arpeggio Connects Drugs to Disease
Signatures
Placing drugs into disease contexts where they
are likely to be effective is a fundamental
challenge in drug development. Recently,
connectivity mapping - connecting drugs to
diseases on the basis of transcription profiles - has
proven to be a powerful tool for achieving this
goal.
Traditional connectivity mapping measures
steady-state mRNA abundance collected before
and after treatment to define a set of drug
response biomarkers - genes whose expression is
altered by the drug. These signatures can then be
matched to diseases with reciprocal gene
expression profiles. Using this strategy, drugs

generally result in large-scale effects, with
thousands of response biomarkers being affected
by any given treatment. This is a result of long
drug incubation times required to elicit a
transcriptional response that can be measured by
traditional RNA expression analysis. Arpeggio has
pioneered a new assay - SNAP-seq - that measures
changes in transcription minutes after exposure to
a compound, enabling a set of high confidence
primary drug response biomarkers to be identified
(Figure 1).
In this white paper we describe how primary drug
response biomarkers can be used to predict
susceptible populations in cell culture models,
setting the precedent for such an approach in
patients.

Figure 1: Arpeggio’s SNAP-seq workflow for identifying nascent RNAs.
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Identification of Primary Drug
Response Biomarkers in Metastatic
Melanoma

others (Figure 2A). Of the 29 primary response
biomarkers, known MAPK associated genes make
up 83% of the signature, validating the SNAP-seq
technology.

Overactivation of MAPK signaling by BRAF, RAS,
or EGFR mutations define 90% of metastatic
melanoma cases1. Therefore, a common
therapeutic strategy is inhibition of MAPK
signaling by a variety of small molecules (e.g.,
trametinib, encorafenib, etc.). Understanding how
MAPK inhibition (MAPKi) leads to cancer arrest is
critical for patient selection and disease-drug
connectivity.

Do the 29 SNAP-seq-derived primary response
biomarkers predict cellular response to
trametinib? To answer this question, Arpeggio
integrated cell proliferation data (EC50) for 860
cell lines treated with trametinib (CTRP: Cancer
Therapeutics Response Portal). Strikingly, baseline
expression levels of the 29 primary response
biomarkers was correlated with responder and
non-responder status in the Cancer Cell Line
Encyclopedia (CCLE), suggesting that these
markers are indeed predictive of cellular response
(Figure 2B). In contrast, expression levels of the
1,464 biomarkers identified by RNA-seq were not
predictive of such response. With this result in
hand, we built a supervised machine learning
model to directly assess whether primary
biomarkers can predict trametinib response of
distinct cellular models. Using only baseline
expression of the 29 upstream biomarkers, our
strategy achieved an AUC of 82% (leave-one-out
cross validation, Random Forest Model). In
contrast, the top 29 24-hour mRNA biomarkers
and 1,464 mRNA biomarkers achieved an AUC of
76% and 73% respectively (Fig 2C). This data
indicates that primary response biomarkers are
more predictive of cellular response to a drug than
RNA-seq-identified biomarkers.

A common strategy for understanding a drug’s
mechanism of action is to perform RNA-seq after
treatment with a drug. A recent study was carried
out in a metastatic melanoma model cell line
treated by the MAPK inhibitor trametinib and
identified 1,464 genes whose expression was
significantly altered by the treatment, suggesting
that they play a role in the cellular response to
trametinib2. The large number of responsive genes
is indicative of widespread, systemic changes
occurring in the cells, making it extremely difficult
to identify meaningful connections.
Using SNAP-seq, Arpeggio implicated just 29
genes whose transcriptional activity was
significantly changed after only 45 minutes of
trametinib exposure. 68% of these primary
response biomarkers were also discovered in the
RNA-seq experiment, including well-characterized
MAPK targets DUSP6, SPRTY4, and FOSL, among
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Figure 2: Biomarker identification and connectivity mapping using SNAP-seq or RNA-seq derived biomarkers
following MAPKi treatment in WM239A cells. A) SNAP-seq of nascent RNAs at 45 minutes following MAPKi
treatment implicates only 29 biomarkers in the primary transcriptional response (purple circle) compared to 1,464
biomarkers implicated in 24 hour steady-state RNA-seq (gray circle). B) Box-and-whisker representation of
biomarker sets’ predictive ability to differentiate CCLE responder and non-responder cell lines. Arpeggio’s
SNAP-seq biomarkers are significantly better at distinguishing cell lines that respond well to MAPKi. C) Arpeggio’s
machine learning model validates the use of SNAP-seq derived primary response biomarkers for connectivity
mapping.

Quantifying Synergy Between MAPK
Inhibition and BET Inhibition
Combination therapies consisting of a kinase
inhibitor and an epigenetic modulator have
become an attractive paradigm for cancer
treatment. We used our SNAP-seq platform to
identify patient populations that may be
preferentially susceptible to treatment with a
combination therapy consisting of an inhibitor of
the MAPK pathway (trametinib) and a BET
inhibitor (JQ1).
Epigenetic inhibitors targeting BRD2/3/4 (BET
inhibitors) demonstrate promising results in
preclinical cancer models but discouraging
outcomes in clinical trials, suggesting that patient
population selection could be paramount to
success in the clinic. Recently it has been shown
that combination therapy with a BET inhibitor and
other targeted therapeutics can lead to positive
synergistic effects3,4,5. For example, combining a

BET-inhibitor (JQ1) with a MAPK pathway
inhibitor (trametinib) led to synergistic inhibition
of a Triple Negative Breast Cancer (TNBC)
xenograft model. However, little is known about
the underlying mechanism or the potential
biomarkers predictive of this synergy4.
To better understand the mechanisms underlying
the synergy between JQ1 and trametinib, we
performed SNAP-seq just 45 minutes after
treatment with JQ1, trametinib, or a combination
of both, in a cellular model of TNBC (HCC1806).
This strategy identified 28 genes whose
modulation by JQ1 + trametinib exceeded the
simple sum of their modulation with JQ1 or
trametinib alone, characteristic of synergy
between the two drugs (Figure 3A).
Many of the genes we identified are
well-characterized MAPK pathway targets (e.g.
CCND1, ELK3) while others represent genes with
unknown roles unique to the trametinib and JQ1
combination therapy. The gene sets affected by
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each treatment were all enriched for KRAS
signaling, consistent with high levels of MAPK
activity in HCC1806 cells. Surprisingly, the gene
set affected by the JQ1 + trametinib combination
therapy was even more overrepresented with

KRAS signaling targets than either of the two
individual treatments were alone, suggesting that
the combination treatment specifically targets this
pathway.

Figure 3: Synergy between JQ1 and trametinib in a TNBC model. A) Expression of 28 genes that exhibit non-linear
(synergistic) decreases or increases in gene transcription following 45 minutes of treatment in HCC1806 cells. B)
Clustering of the breast cancer cohort of TCGA patient samples using the synergistic gene set from (A). Baseline
expression of the gene set stratifies potentially sensitive populations (blue highlighted bars) and resistant patient
populations (red highlighted bars).
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Identification of a Potentially
Responsive Breast Cancer Population
to JQ1 + Trametinib Treatment
We identified a small subset of genes whose
expression is synergistically affected by the
combination of JQ1 and trametinib. We next
sought to identify a breast cancer patient
population that may be particularly susceptible
to treatment with this combination based on the
presence of a reciprocal baseline
gene
expression profile.
To identify a combination therapy-susceptible
population, we gathered gene expression data
from the breast cancer cohort of TCGA. Using an
unsupervised clustering method, we grouped
patients into subtypes based on the presence or

absence of this signature (Figure 3B). Strikingly,
a population of patients display mis-expression
of the Arpeggio-assigned signature (blue bar,
Figure 3B), suggesting that they may be
particularly susceptible to treatment with this
combination. We also identified a group of
patients that does not display this dysregulation
(red bar, Figure 3B), and would likely not respond
to this therapy.
Arpeggio reasons that primary transcriptional
responses to a drug perturbation match therapy
to disease at a higher, more accurate rate. Due in
part to their low complexity and inherent causal
nature, these primary response biomarkers
serve as a tractable and manageable solution for
ultimately assaying patient response (Figure 4).

Figure 4: Arpeggio combines primary response SNAP-seq and machine learning to improve connectivity
mapping. Arrows indicate relationships between drugs, biomarkers, and diseases.
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