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Clinical and Translational Impact and Applications
This seminal paper describes the DarwinOncoTreat methodology to predict drug sensitivity on an individual patient/tumor 
basis. This is accomplished by using the VIPER algorithm to assess the differential activity of the Master Regulator proteins of 
a specific tumor in drug vs. vehicle-control-treated cell lines chosen to optimally recapitulate patient-specific MR activity.
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Emerging efforts in precision oncology are largely predicated on 
the identification of ‘actionable’ oncogene mutations, whose 
pharmacological inhibition elicits oncogene addiction1. Despite 

initial successes and clinical deployment of this concept, several 
limitations have emerged2. First, multiple studies3 have shown that 
most adult malignancies lack actionable mutations or harbor muta-
tions either in non-druggable oncogenes (for example, RAS and 
MYC family proteins) or in genes of poorly characterized thera-
peutic value4. Moreover, while mutation-directed therapy often 
achieves a remarkable initial response, this is almost inevitably fol-
lowed by relapse and emergence of drug resistance5,6. Finally, analy-
sis of hundreds of cell lines and compounds shows that, with some 
exceptions—such as for BRAF, ERBB2, EGFR and ALK1 inhibi-
tors—mutations are poor predictors of drug sensitivity7. This is not 
entirely surprising, as drug sensitivity is a complex (dynamic, mul-
tifactorial, polygenic) phenotype. As such, there is urgent need for 
novel approaches that complement and extend oncogene addiction.

Recent results on the aberrant regulatory logic of cancer-related 
phenotypes have highlighted the existence of master regulator  

proteins, whose coordinated activity within tightly regulated modules 
(tumor checkpoints) is strictly necessary for tumor state initiation and 
maintenance8. Consistently, as shown in leukemia9, lymphoma10,11, glio-
blastoma12, prostate13,14, neuroblastoma15 and breast cancer16, genetic 
or pharmacological inhibition of master regulator proteins leads to 
tumor-checkpoint collapse and loss of tumor viability. Indeed, master 
regulators are highly enriched in essential10 and synthetic-lethal11–13,16 
proteins, thus representing a novel class of non-oncogene dependen-
cies17,18 and pharmacological targets. Their mechanistic role in tumor 
cell state maintenance results from their mechanistic transcriptional 
control of gene expression signatures (GES) representing the tumor 
cell’s transcriptional identity. Master regulator proteins can be effi-
ciently and systematically elucidated using the MARINa (Master 
Regulator Inference algorithm)12,19 and VIPER (Virtual Proteomics 
by Enriched Regulon analysis)20 algorithms—the latter allowing anal-
ysis on an individual sample basis, a prerequisite for precision oncol-
ogy applications. These algorithms were extensively validated11–13,16,21.

Thus, the rationale for this methodology (OncoTreat) is that 
small-molecule compounds capable of inducing tumor-checkpoint 
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(18 d), and no significant difference was observed for I-BET151, 
when both were compared to vehicle control (Fig. 5e). Lack of 
response was expected for bardoxolone, because it was not pre-
dicted to induce reversal of H-STS xenograft-specific master regu-
lators and thus represented a bona fide negative control for the 
analysis. However, lack of response for I-BET151 was unexpected, 
as its predicted inversion of the xenograft’s master regulators was 
also very strong (− log10P =  51, Fig. 5c).

To assess whether the I-BET151 failure was due to differences in 
compound MoA in vitro and in vivo, we performed short-term phar-
macodynamics measurements by profiling xenograft-derived tumors 
by RNA-Seq at 3 h after the third drug administration for all three 
tested drugs (Methods). In agreement with compound perturbations 
in vitro (Fig. 5c), VIPER-based analysis of these profiles confirmed 
significant inhibition of HSTS xenograft master regulator-activity by 
entinostat but not by bardoxolone (Fig. 5f), suggesting that VIPER-
inferred compound MoA in vitro was effectively recapitulated in 
vivo for these compounds. However, the analysis also showed that, 
contrary to in vitro predictions, I-BET151 did not induce significant 
master regulator-activity reversal in the xenograft (Fig. 5f).

Thus, while bardoxolone may be an effective drug for some 
patients (for example, patient 0), its activity could not be effectively 
tested in the xenograft model due to master regulator differences.  
In contrast, I-BET151 presented significant difference between its in 
vitro and in vivo MoA, likely due to compound pharmacokinetics,  
metabolism, maximum tolerated dose or OncoTreat false-positive 
results. This suggests that top drugs prioritized by OncoTreat should 
always be validated in vivo, to assess MoA conservation. This can be 
done efficiently, since the number of promising drugs emerging from 
the analysis of a large cohort is relatively small, thus allowing efficient 
prioritization of drugs for follow-up clinical studies.

Discussion
Master regulator proteins represent a novel class of tumor depen-
dencies and potential therapeutic targets that are highly enriched 
both in tumor-essential genes10,16 and synthetic-lethal pairs11–13. 
Their genetic or pharmacological inhibition induces activity rever-
sion of the entire master regulator-protein repertoire, previously 
described as tumor-checkpoint collapse8. This provides a poten-
tial strategy (OncoTreat) for the prioritization of drugs to target  
tumor checkpoints.

We tested this approach in a rare class of tumors (GEP-NETs) 
that lack actionable mutations and remain poorly characterized35–37. 

Underexpressed
genes

Underexpressed
genes

Overexpressed
genes

Tumor signature

Regulatory
network

Regulatory
network

VIPER VIPER

Overactive
proteins

Underactive
proteins

Underactive
proteins

Overexpressed
genes

Perturbagens
signature

*

*

*Regulators of
tumor state

Overactive
proteins

Drug context-
specific MoA

Tumor
databank

PLATE-seq

13,000 samples
35 tumor types

28 tissues

Tumor biopsy

Rn

R1

R2

R3

R1

R2

R3

Rn

R
2

R
1

R
3

R
2

R
3 R

n
R

1

R
n

Rn

R1

R2

R3

Library of FDA-
approved
drugs and
investigational
compounds

*Interactomes
knowledge-base

Fig. 6 | Schematic diagram for the OncoTreat clinical pipeline. The pipeline consists of a series of pre-computed (*) components, including a reference 
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a database of context-specific MoA for > 400 Food and Drug Administration (FDA)-approved drugs and investigational compounds in oncology. This 
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Table 1 | Tumor volume and agent activity data

Group %TGI RECIST PD/SD/PR/CRa %TR

Control 3/0/0/0 n/a

ARQ197 200�mg 43% 3/0/0/0 n/a

ARQ197 100�mg 28% 3/0/0/0 n/a

ARQ197 50�mg − 46% 3/0/0/0 n/a

PDX101 20�mg 8% 3/0/0/0 n/a

PDX101 40�mg − 55% 3/0/0/0 n/a

MS-27-275 25�mg 112% 0/0/3/0 68

MS-27-275 50�mg 110% 0/0/3/0 58

MS-27-275 100�mgb n/a 0/0/1/0 49
aPD, progressive disease; SD, stable disease; PR partial response; CR, complete response. 
bFour of five animals died one week into the test, likely as a result of drug toxicity; results are 
representative of the single surviving animal.
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There is an intriguing yet largely unexplored 
paradox in cancer. On the one hand, 
transcriptional programmes are highly 
conserved across samples that represent the 
same tumour subtype1 — even compared 
with normal tissue (FIG. 1a) — suggesting 
the existence of relatively stable tumour 
states. On the other hand, the genetic and 
epigenetic alterations (henceforth referred to 
as genomic alterations) that determine these 
states are remarkably heterogeneous on a 
sample by sample basis (BOX 1).

Consistent with these observations, 
although genomic alterations represent 
valuable predictors of targeted inhibitor 
sensitivity against the corresponding 
oncoproteins, they have proved less effective 
in stratifying more general properties of 
cancer, such as tumour subtype, metastatic 
potential and clinical outcome2,3, which are 
more often captured by transcriptional or 
proteomic profiles4,5 (BOX 1). For example, 
immunohistochemistry assays, as well 
as gene expression-based tests such as 
Oncotype DX and MammaPrint6,  

downstream transcriptional programmes 
(FIG. 1b). Thus, although individual MR 
proteins are highly tumour specific9–11, the 
resulting tumour checkpoint oncotecture is 
virtually tumour independent7.

The term MR was initially introduced by 
developmental biologists to describe gene 
products (mostly transcription factors) at 
the top of regulatory hierarchies that are 
both necessary and sufficient to induce 
morphogenesis12 or specific steps in lineage 
differentiation13. By contrast, cancer biologists 
have adopted a looser definition of the term 
to indicate genetic determinants or functional 
drivers, the aberrant activity of which is 
sufficient — yet not strictly necessary — to 
induce transformation. According to the 
latter, TP53 (which encodes p53) and ERBB2 
(which encodes HER2) are often presented 
as cancer MRs14,15, even though many 
alternative genomic alterations may induce 
transcriptional tumour states that are virtually 
indistinguishable from those in which those 
genes are mutated (BOX 1). For instance, 
several tumours classified as basal-like or 
HER2+ by gene expression profile analysis 
lack the hallmark genetic alterations in TP53 
and ERBB2, respectively16. In this Opinion 
article, not only do we adopt the stricter 
MR definition from developmental biology 
but we further require MRs to directly 
regulate the transcriptional state of the 
tumour cell (FIG. 1b). Under this definition, a 
classic cancer driver such as p53 may not be 
considered a MR unless it is necessary and 
sufficient to implement a subset of tumours 
with a common transcriptional signature 
and it directly participates in its signature 
regulation. By contrast, the MYC proto- 
oncoprotein, the locus of which is translocated 
in 100% of Burkitt lymphomas17 and which 
regulates their signature18, would emerge as a 
bona fide MR protein in that context.

This stricter terminology is not arbitrary. 
Instead, it is necessary to address the currently 
ambiguous use of the term in the literature, 
thus making identification of MR proteins 
a more rational and systematic process. 
Consistently, it separates the methodologies 
and studies discussed in this Opinion article 
from those aimed at identifying more 
loosely defined functional drivers or genetic 
determinants of cancer, for instance, by 
integrating mutational and gene expression 

are routinely used in the clinic to assess the 
risk of breast cancer recurrence following 
hormonal therapy.

The ability of tumours to present similar 
transcriptional signatures, despite having 
radically distinct somatic mutational 
profiles, suggests the existence of regulatory 
mechanisms that are responsible for 
decoupling (that is, buffering) the tumour 
cell state from its genetic, epigenetic and 
signalling determinants7,8. Specifically, this 
Opinion article provides an overview of the 
emergence of a universal gene-regulatory 
architecture (henceforth referred to as 
oncotecture), in which a handful of master 
regulator (MR) proteins — organized into 
tightly autoregulated tumour checkpoint 
modules — implement and maintain the 
transcriptional state of a tumour cell largely 
independent of initiating events, as well as of 
endogenous and exogenous perturbations7,8. 
Much like a highway checkpoint, these 
modular structures canalize the effect of 
mutations and other aberrant signals in 
their upstream pathways to implement key 
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Clinical and Translational Impact and Applications
In this landmark perspective, we introduced the Oncotecture hypothesis, which postulates the existence of Master Regulator 
(MR) proteins responsible for implementing and homeostatically maintaining cell tumor state by canalizing the effect of 
somatic mutations, detrimental germline variants, and aberrant microenvironment signals.
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paradox in cancer. On the one hand, 
transcriptional programmes are highly 
conserved across samples that represent the 
same tumour subtype1 — even compared 
with normal tissue (FIG. 1a) — suggesting 
the existence of relatively stable tumour 
states. On the other hand, the genetic and 
epigenetic alterations (henceforth referred to 
as genomic alterations) that determine these 
states are remarkably heterogeneous on a 
sample by sample basis (BOX 1).

Consistent with these observations, 
although genomic alterations represent 
valuable predictors of targeted inhibitor 
sensitivity against the corresponding 
oncoproteins, they have proved less effective 
in stratifying more general properties of 
cancer, such as tumour subtype, metastatic 
potential and clinical outcome2,3, which are 
more often captured by transcriptional or 
proteomic profiles4,5 (BOX 1). For example, 
immunohistochemistry assays, as well 
as gene expression-based tests such as 
Oncotype DX and MammaPrint6,  

downstream transcriptional programmes 
(FIG. 1b). Thus, although individual MR 
proteins are highly tumour specific9–11, the 
resulting tumour checkpoint oncotecture is 
virtually tumour independent7.

The term MR was initially introduced by 
developmental biologists to describe gene 
products (mostly transcription factors) at 
the top of regulatory hierarchies that are 
both necessary and sufficient to induce 
morphogenesis12 or specific steps in lineage 
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have adopted a looser definition of the term 
to indicate genetic determinants or functional 
drivers, the aberrant activity of which is 
sufficient — yet not strictly necessary — to 
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latter, TP53 (which encodes p53) and ERBB2 
(which encodes HER2) are often presented 
as cancer MRs14,15, even though many 
alternative genomic alterations may induce 
transcriptional tumour states that are virtually 
indistinguishable from those in which those 
genes are mutated (BOX 1). For instance, 
several tumours classified as basal-like or 
HER2+ by gene expression profile analysis 
lack the hallmark genetic alterations in TP53 
and ERBB2, respectively16. In this Opinion 
article, not only do we adopt the stricter 
MR definition from developmental biology 
but we further require MRs to directly 
regulate the transcriptional state of the 
tumour cell (FIG. 1b). Under this definition, a 
classic cancer driver such as p53 may not be 
considered a MR unless it is necessary and 
sufficient to implement a subset of tumours 
with a common transcriptional signature 
and it directly participates in its signature 
regulation. By contrast, the MYC proto- 
oncoprotein, the locus of which is translocated 
in 100% of Burkitt lymphomas17 and which 
regulates their signature18, would emerge as a 
bona fide MR protein in that context.

This stricter terminology is not arbitrary. 
Instead, it is necessary to address the currently 
ambiguous use of the term in the literature, 
thus making identification of MR proteins 
a more rational and systematic process. 
Consistently, it separates the methodologies 
and studies discussed in this Opinion article 
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determinants of cancer, for instance, by 
integrating mutational and gene expression 
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There are several crucial unaddressed 
issues implied by such a tumour- 
independent oncotecture. These include 
whether tumour heterogeneity supports 
the plastic coexistence of distinct cancer 
cell states in the same tumour, which 
may require pharmacological targeting of 
multiple distinct tumour checkpoint MRs, 
for example, using alternating treatment 
schedules. For instance, in glioma, 
mesenchymal and proneural subtype cells 
coexist plastically in the same tumour107, 
even though these states have been shown 
to be regulated by orthogonal tumour 
checkpoints10. In addition, it is unclear how 
many distinct tumour checkpoints may 
coexist even in the same tumour cell. For 
instance, tumour checkpoints associated with 
proliferation and epithelial-to-mesenchymal 
transition are probably distinct, given the 
serial nature of the cancer initiation and 
progression steps associated with their 
activation. It is thus possible that a relatively 
small number of molecularly distinct tumour 
checkpoints exist and that their activation in 
distinct tumour subtypes depends on distinct 
genetic alteration patterns. Combinatorial 
superposition of two or more of these 
mechanisms in each individual tumour may 
thus explain the large variety of reported 
tumour subtypes and of associated clinical 
phenotypes and drug sensitivities.

Ultimately, we propose that tumour 
checkpoint and MRs may be leveraged to 
simultaneously identify crucial tumour 
dependencies, as well as the specific drugs 
and drug combinations that are optimally 
suited to inducing their collapse, on the 
basis of an individual sample and even an 
individual cell. This would have obvious 
application to complementing oncogene 
addiction and immune checkpoint 
paradigms in precision medicine.
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epithelial cell lines, with and without ectopic 
HER2 expression (MCF-10A/HER2 versus 
MCF-10A), were screened in 2D and 3D 
cultures using a pooled, genome-wide RNAi 
library. Integrative analysis of RNAi screen 
and MR analysis identified only two genes 
in common (STAT3 and agrin (AGRN)), 

kinase (JAK)–STAT3 autoregulatory  
loop, independent of trastuzumab- 
mediated inhibition of HER2. Consistently, 
trastuzumab and ruxolitinib (a US Food 
and Drug Administration (FDA)-approved 
JAK inhibitor) combination therapy 
effectively abrogated the viability of 

which were validated as MRs of trastuzumab 
(a HER2-inhibiting antibody) resistance. 
Indeed, their silencing in trastuzumab- 
treated, resistant tumours elicited synthetic 
lethality in vitro and in vivo29, leading to the 
discovery of an autocrine STAT3–interleukin 
6 (IL-6)–IL-6 receptor (IL6R)–Janus  

Figure 5 | Tumour checkpoint architecture of the mesenchymal sub‑
type of glioblastoma. Transcription factors involved in the activation of 
mesenchymal glioblastoma (MES-GBM) subtype are shown in purple. 
Overall, the six transcription factors shown in this figure — CCAAT/enhancer- 
binding protein-β (CEBPβ) and CEBPδ are represented by CEBP, for simplicity, 
as they form homodimers and heterodimers — control 74% of the genes in 
the mesenchymal signature of high-grade glioma. A region between 2 kb 
upstream and 2 kb downstream of the transcription start site of the target 
genes identified by Algorithm for the Accurate Reconstruction of Cellular 
Networks (ARACNe) was analysed for the presence of putative binding sites. 
When combined with analysis of gene expression profiles following short 
hairpin RNA (shRNA)-mediated silencing of these transcription factors, the 
latter were shown to bind and regulate the large majority of MES-GBM sig-
nature genes (shown in pink). In addition, CEBP (both β and δ subunits) and 
signal transducer and activator of transcription 3 (STAT3) were shown to 
regulate the other three transcription factors in the tumour checkpoint and 
to synergistically regulate the state of MES-GBM cells. ACTA2, actin α2; 
ACTN1, actinin α1; ANGPT2, angio poietin 2; ANPEP, alanyl aminopeptidase; 
BACE2, β-site APP-cleaving enzyme 2; B4GALT1, β-1,4-galactosyltransferase 
1; BHLHE40, class E basic helix–loop–helix protein 40; CA12, carbonic anhy-
drase 12; C1QTNF1, C1q and tumour necrosis factor related protein 1; C1R, 
complement C1r; C1RL, complement C1r subcomponent like; CHI3L1, 

chitinase 3 like 1; COL4A1, collagen type IV α1 chain; ECE1, endothelin con-
verting enzyme 1; EFEMP2, EGF containing fibulin like extracellular matrix 
protein 2; EFNB2, ephrin B2; EHD2, EH domain containing 2; EMP1, epithelial 
membrane protein 1; ESM1, endothelial cell specific molecule 1; FCGR2A, Fc 
fragment of IgG receptor IIa; FLNA, filamin A; FOSL2, Fos-related antigen 2; 
FPRL1, formyl peptide receptor-like 1; HRH1, histamine receptor H1; ICAM1, 
intercellular adhesion molecule 1; IFITM, interferon induced transmembrane 
protein; IL32, interleukin-32; ITGA7, integrin subunit α7; LIF, leukaemia inhib-
itory factor; MMP, matrix metalloproteinase; MVP, major vault protein; MYH9, 
myosin heavy chain 9; MYL9, myosin light chain 9; NRP2, neuropilin 2; OSMR, 
oncostatin M receptor; PAPPA, pappalysin 1; PDLIM4; PDZ and LIM domain 
4; PDPN, podoplanin; PELO, pelota homologue; PI3, peptidase inhibitor 3; 
PLA2G5, phospholipase A2 group V; PLAU, plasminogen activator, urokinase; 
PLAUR, PLAU receptor; PVRL2, poliovirus receptor-related 2; PTRF, polymer-
ase I and transcript release factor; RRBP1, ribosome binding protein 1; 
RUNX1, runt-related transcription factor 1; SGSH, N-sulfoglucosamine sul-
fohydrolase; S100A11, S100 calcium binding protein A11; SLC39A8, solute 
carrier family 39 member 8; SOCS3, suppressor of cytokine signalling 3; 
TAGLN, transgelin; THBD, thrombomodulin; TIMP1, tissue inihibitor of met-
alloproteinase 1; TMEPAI, transmembrane prostate androgen-induced pro-
tein; TNC, tenascin C; TPP1, tripeptidyl peptidase 1; ZYX, zyxin. Adapted with 
permission from REF. 10, Nature Publishing Group.
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Clinical and Translational Impact and Applications
This manuscript reports on a clinical trial in metastatic breast cancer in which patients were treated with ricolinostat (HDAC6i) + 
nab-paclitaxel, on the basis of HDAC6 being identified as a critical OncoTarget-identified dependency of these tumors in a previous 
publication (Putcha et al. 2015 Breast Cancer Res 17, 149). The trial showed 100% consistency with the OncoTarget prediction as 
all patients with high VIPER-assessed HDAC6 activity showed clinical response, while all those with low activity rapidly progressed 
(AUC = 1). This was (a) not detectable at the gene expression level and (b) opposite to the outcome trend reported for untreated 
HDAC6+ and HDAC6- tumors
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Network-based assessment of HDAC6  
activity predicts preclinical and clinical 
responses to the HDAC6 inhibitor 
ricolinostat in breast cancer

Tizita Z. Zeleke1,14, Qingfei Pan2,14, Codruta Chiuzan    3, Maika Onishi4, 
Yuxin Li    5,6, Haiyan Tan6, Mariano J. Alvarez7,8, Erin Honan9, Min Yang10, 
Pei Ling Chia1, Partha Mukhopadhyay1, Sean Kelly9, Ruby Wu9, Kathleen Fenn9, 
Meghna S. Trivedi9, Melissa Accordino    9, Katherine D. Crew9, 
Dawn L. Hershman9, Matthew Maurer11, Simon Jones12, Anthony High6, 
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Inhibiting individual histone deacetylase (HDAC) is emerging as well-tolerated 
anticancer strategy compared with pan-HDAC inhibitors. Through preclinical 
studies, we demonstrated that the sensitivity to the leading HDAC6 inhibitor 
(HDAC6i) ricolinstat can be predicted by a computational network-based 
algorithm (HDAC6 score). Analysis of ~3,000 human breast cancers (BCs) 
showed that ~30% of them could benefice from HDAC6i therapy. Thus, we 
designed a phase 1b dose-escalation clinical trial to evaluate the activity 
of ricolinostat plus nab-paclitaxel in patients with metastatic BC (MBC) 
(NCT02632071). Study results showed that the two agents can be safely 
combined, that clinical activity is identified in patients with HR+/HER2− 
disease and that the HDAC6 score has potential as predictive biomarker. 
Analysis of other tumor types also identified multiple cohorts with predicted 
sensitivity to HDAC6i’s. Mechanistically, we have linked the anticancer activity 
of HDAC6i’s to their ability to induce c-Myc hyperacetylation (ac-K148) 
promoting its proteasome-mediated degradation in sensitive cancer cells.

Homeostasis of cancer cells presents different oncogene and nonon-
cogene dependencies compared to nontransformed cells. Therapies 
aimed at targeting these dependencies represent more selective and 
less toxic anticancer strategies than standard chemotherapy1. Inhibi-
tion of HDACs using pan-inhibitors has proven anticancer activity, 
especially in hematopoietic malignancies2. However, toxicity associ-
ated with pleiotropic inhibition of multiple HDAC family members has 
limited their clinical use2. Thus, the interest has turned toward more 
selective inhibitors targeting specific HDACs.

HDAC6 is a class IIB deacetylase responsible for deacetylating 
a variety of substrates that is emerging as a promising therapeutic 
target. Anticancer activity of ricolinostat alone or in combination with 
additional drugs has been recently reported in preclinical models of 
multiple myeloma (MM)3, pancreatic and ovarian cancer4, esophageal 
cancer5, melanoma6 and lymphoma7. Recently, we reported that HDAC6 
function is essential for maintaining the viability of an aggressive BC 
subtype called inflammatory breast cancer (IBC; ~1–4% of all BC8) and 
demonstrated that the leading HDAC6i ricolinostat3 induces IBC cell 
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A total of five predefined doses of ricolinostat were selected for the 
dose-escalation process (Fig. 3a). Seventeen patients were accrued 
between March 2016 and February 2018. Of these, 16 patients had an 
evaluable disease, as one patient no longer wishing to participate in the 
trial dropped out at cycle 2 in the absence of any related toxicity. In the 
16 evaluable patients, the median age was 57.5 years (range: 41–78); 14 
were female (87.5%), 3 had triple-negative MBC and 13 had HR+/HER2− 
MBC. The median number of prior lines was 3 (range: 0–10) (Extended 
Data Fig. 3a). The first patient started at 120 mg/m2 daily, the second 
patient started at 180 mg/m2 daily and the remaining 14 patients were 
treated at 240 mg/m2 daily. No DLTs were seen in the DLT window of 8 
weeks (first two cycles) and thus the MTD was not reached. Grade III 
events related to nab-paclitaxel included neutropenia (n = 1), peripheral 
neuropathy (n = 1) and 1 grade IV neutropenia. Grade III syncope related 
to ricolinostat was observed in 2 patients (Supplementary Tables 4–6). 
All of these events occurred after the DLT window. In the 16 evaluable 
patients, the following were best responses: 2 partial response (PR), 
10 stable disease (SD), and 4 progressive disease (PD; 2 TNBC, 2 HR+/
HER2−) (Fig. 3b). All patients had measurable disease (Fig. 3b), except 
for one evaluable patient without target lesions who was reported to 
have SD for 9 months. Three patients who previously received a taxane 
for metastatic disease achieved SD with ricolinostat plus nab-paclitaxel. 
One patient with SD remains on treatment since Feb 2018 (17 months). 
The CBR was 31.25%: 5/16 patients (2 PR and 3 SD >6 months). All of these 
patients were diagnosed with HR+/HER2− MBC, except for one patient 
with TNBC and SD. Median PFS was 5.3 months (95% confidence interval 
(CI): 4.45–11.0) (Supplementary Tables 7–9).

We were able to obtain tumor specimens in the form of 
formalin-fixed paraffin-embedded (FFPE) sections with >50% in 
tumor content for 10 of the 16 evaluable patients (3 achieving PD and 
7 showing SD or PR). RNA was obtained from these samples, subject 
to genome-wide RNA-seq, and the expression profiles obtained were 
used to calculate the HDAC6 scores. Interestingly, when we compared 
the HDCA6 scores between patients showing PD (nonresponders) and 
those with either SD or PR (responders), a statistically significant higher 
HDAC6 score was seen in responder patients (P = 2.1 × 10−3; Extended 
Data Fig. 4a). HDAC6 score analysis integrating our clinical study with 
TCGA, METABRIC and IBC cohorts confirmed our previous hypothesis 
that patients with HR+/HER2− BC respond better than those with TNBC 
(Fig. 3c). Further, we used receiver operating characteristic (ROC) 
curves29 to characterize the sensitivity/specificity of the HDAC6 score 
using the trial data. Briefly, ROC curve analysis is a graphical plot that 
illustrates the diagnostic ability of a binary classifier system as its dis-
crimination threshold is varied. The best cutoff value can be calculated 
by ROC analysis for continuous variables to predict dichotomous vari-
ables with the best sensitivity and specificity. In this analysis, the ROC 
curve analysis for the HDAC6 score achieved an area under the curve 
(AUC) of 1.0 (Fig. 3d). Although the perfect AUC was likely influenced 
by the small number of patients, at a cutoff value of −0.36, the HDAC6 
score gave rise to a clear separation between responders and nonre-
sponders with 100% accuracy, and it outperformed the subtype (HR+/
HER2− or TNBC) that had an accuracy of 80% (2 out of 10 patients were 
mispredicted, including 1 with HR+/HER2− and 1 with TNBC). Finally, 
we examined the predictive power of the HDAC6 score for patient 
prognosis, measured by PFS. We classified the patients into low and 
high HDAC6 score groups using the cutoff of −0.36 calculated by ROC 
analysis. Patients with a high HDAC6 score had a median PFS of 6.51 
months (95% CI: 5.19–NA (NA= not enough events to calculate)), which 
was significantly better (P = 8.0 × 10−4; Fig. 3e) than patients with low 
HDAC6 score who had a median PFS of 1.84 months (95% CI, 1.08–NA).

Transitioning any molecular biomarker to the clinic requires a 
Clinical Laboratory Improvement Amendments (CLIA)-certified test. 
The Darwin OncoTarget test, which is based on the VIPER (Virtual Infer-
ence of Protein-activity by Enriched Regulon analysis) algorithm30, was 
developed precisely to compute the activity of druggable proteins in 

cancer patients, based on the expression of their ARACNe-inferred 
transcriptional targets. The test has recently received CLIA certification 
from the New York State Department of Health31. As a result, we assessed 
whether HDAC6 activity measured via this clinical-grade test was also 
predictive of patient sensitivity to the ricolinostat/nab-paclitaxel com-
bination therapy in the phase 1b study. Consistent with the results 
discussed in the previous sections, the HDAC6 score measured by Dar-
win OncoTarget was equally effective in stratifying patient sensitivity 
(P = 9.4 × 10−3; Extended Data Fig. 4b), achieving a classification of the 
seven responders and three nonresponders with an AUC of 0.9 (95% CI: 
0.68–1.0) based on ROC analysis (Extended Data Fig. 4c).

Because of the nature of the phase 1b trials, our study did not 
include a paclitaxel-only control group. Thus, to investigate if the cor-
relation between the HDAC6 score and the response to ricolinostat plus 
nab-paclitaxel in the trial was influenced by taxanes, we investigated a 
publicly available series of BCs (n = 106) treated only with paclitaxel32. 
As expected, the distribution of the HDAC6 scores in the series mim-
icked the results described for TCGA and METABRIC, and the HR+/
HER2− and luminal B subtypes had the highest values, whereas the 
triple-negative and basal subtypes showed the lowest ones (Extended 
Data Fig. 5a,b). Importantly the HDAC6 scores showed no correlation 
with pathologic response to paclitaxel (Extended Data Fig. 5c) or with 
the patient survival (Extended Data Fig. 5d). Thus, these results demon-
strate that the correlation between the HDAC6 score and the response 
to treatment is linked to the use of ricolinostat.

High HDAC6 scores are found in a variety of human cancers
Because our studies confirmed the prognostic value of the HDAC6 
score in human patients, we decided to systematically assess the HDAC6 
scores across a large repertoire of human primary malignancies and 
cancer cell lines. Specifically, we analyzed >10,000 gene expression 
profiles, representing 32 molecularly distinct human malignancies 
represented in the TCGA database (https://www.cancer.gov/tcga). First, 
we generated tumor-specific HDAC6 regulons using the same approach 
successfully tested in BC and used them to calculate the HDAC6 scores 
for all TCGA samples in a cancer-type-specific manner. As expected, the 
number of genes that overlapped among the different tumor types was 
highly significant, although tumor-type-specific differences were also 
noticeable (Extended Data Fig. 6a and Supplementary Tables 10 and 11). 
Next, we aimed to investigate whether a correlation exists between the 
HDAC6 scores and the response to therapy in other tumor types. For 
this, we performed dose–response studies to assess ricolinostat IC50 in 
58 additional cancer lines, representing 11 different tumor types. Nota-
bly, confirming the BC-specific findings, a significant anticorrelation 
was detected between HDAC6 score and IC50 (R = −0.44, P = 5.2 × 10−5) 
(Fig. 4a, Extended Data Fig. 6b,c and Supplementary Table 12). Finally, 
we assessed the HDAC6 scores in 1,156 different cancer cell lines avail-
able in the CCLE cohort, representing 20 tumor types17, as well as in 32 
primary tumors (TCGA database) (Fig. 4b,c and Supplementary Table 
13). We also compared the HDAC6 score in cancer cell lines and primary 
tumors. We used the 20 cancer types with data for both cohorts and 
reranked each cancer type by HDAC6 score in each cohort separately. 
Then, we visualized the ranks of the 20 cancer types in a scatter plot 
and used the Spearman method to calculate the correlation (Fig. 4d). 
Notably, we observed a strong correlation of the ranks between cell 
lines and primary samples, showing the consistency of HDAC6 score 
distribution in these two cohorts and supporting the use of cell lines 
to investigate the response to an HDAC6i.

In addition to their direct effect on cancer cells, HDAC6i’s may have 
additional effects on the tumor microenvironment. Thus, we evaluated 
the expression profiles of the TCGA-BRCA samples using the algorithm 
ESTIMATE33 to predict infiltration of immune cells. Here, we found a 
negative correlation between immune infiltration and HDAC6 score 
(Extended Data Fig. 7a). Although this correlation is not surprising due 
to the association of higher HDAC6 scores and lower immune scores 

Nature Cancer | Volume 4 | February 2023 | 257–275 272

Article https://doi.org/10.1038/s43018-022-00489-5

spectrums with the JUMP software suite69, followed by differential 
expression analysis using the limma R package (v3.42.2) [https://doi. 
org/10.1007/0-387-29362-0_23].

Next-generation HDAC6 BC regulon inference
To reconstruct HDAC6 regulon with high accuracy and applicabil-
ity across all BC subtypes, gene expression profiles were extracted 
from each of the nine BC subtypes, including three (HR+/HER2−, 
HER2+ (HR+ and HR−), TNBC) defined by IHC assays of HR and HER2, 
and six (luminal A, luminal B, HER2overexpressed, claudinlow, basal-like and 
normal-like) defined by PAM50 (prediction analysis of microarray 
50), from over 3,000 primary BC samples from TCGA and METABRIC. 
We then used SJARACNe, a scalable software tool for gene network 
reverse-engineering from big data, to reconstruct signaling networks 
for each of the 9 BC subtypes.

HDAC6 cancer-type-specific regulon inference
TCGA dataset included RNA-seq profiles representing 32 human pri-
mary cancer types. In addition to the updated HDAC6 regulon for BC as 
described above, we used TCGA RNA-seq data as detailed in the previ-
ous section and reconstructed HDAC6 regulons for each of the other 31 
cancer types by using the SJARACNe algorithm. The parameters were 
the same as those used to generate HDAC6 BC regulons.

HDAC6 score inference by NetBID
Given a gene expression profile in a cohort of study, we calculated the 
raw HDAC6 score that summarized the activity of the HDAC6 regulon 
by using the ‘cal.Activity’ function with the method of ‘mean’ in Net-
BID software. For the HDAC6 score of human BC samples, we used the 
updated HDAC6 regulon for BC. For HDAC6 score across the 31 TCGA 
cancer types, we used the cancer-type-matched HDAC6 regulon. To 
calculate the HDAC6 score in GEMMs of mouse BC, we used the human 
gene IDs transferred based on the human/mouse homology map that 
was done in the BC GEMM study. For graphical representation, all 
HDAC6 scores in a study were normalized considering all the samples 
in that specific series of samples.

HDAC6 score inference by VIPER
HDAC6 relative protein activity based on our next-generation HDAC6 
BC regulon was inferred by the VIPER algorithm implemented in the 
Darwin OncoTarget test, which has been approved by the NYS Depart-
ment of Health CLIA/CLEP Validation Unit as an offering in the category 
of ‘Molecular and Cellular Tumor Markers for Oncology’ (Neal, Michael, 
Assay Validation Review, Wadsworth Center, NY State Department of 
Health, PFI: 7313, Project ID: 63859, March 8, 2019).

Overlaps of cancer-type-specific HDAC6 regulons
The HDAC6 regulons of 32 TCGA cancer types inferred by SJARACNe, as 
described above, were summarized in Supplementary Table 10. The regu-
lon overlapping statistics, including the size of overlapped regulon genes 
and the P value of Fisher’s exact test, was summarized in Supplementary 
Table 11. The scatter plot was made by R package ggplot2 (v3.3.0).

PFS analysis against HDAC6 score in the clinical trial
The PFS in month was calculated from the dates of the trial assignment 
and disease progression or last follow-up by the ‘difftime’ function in lubri-
date (v1.7.8). The PFS analysis of the clinical trial against HDAC6 score, 
including the Cox model fitting and Kaplan–Meier plot, was performed 
by using the R package survminer (v0.4.6). The HDAC6 score ‘high’ and 
‘low’ patients were defined at the cutoff of the mean of HDAC6 scores.

ROC curve analysis of HDAC6 score in the clinical trial
The ROC curve analysis to evaluate the performance of HDAC6 score in 
predicting clinical response of patients, including statistics and plot, 
was performed with the R package pROC (v1.6.2)70. We used −0.36 as 

the cutoff HDAC6 score from the ROC analysis to define HDAC6-high 
and HDAC6-low patients.

Data analysis (statistics)
Multiple testing correction was not applied otherwise unless specified 
in the figure legends.

Reporting summary
Further information on research design is available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability
The gene expression profile data are available at GEO under acces-
sion number GSE180607. The data include two subseries, one for the 
RNA-seq data of clinical trial samples and four BC cell lines (GSE128623), 
and another for the microarray data of three cell lines and one mouse 
model (GSE180606). The acetylomics data, including raw files and pep-
XML files for each sample, can be accessed at PRIDE under accession 
number PXD026010. Source data have been provided as Source Data 
files. All other data supporting the findings of this study are available 
from the corresponding author on reasonable request.
Previously published transcriptomic data that were reanalyzed here 
are available:
•Cancer cell lines. The RNA-seq transcripts per million data of 1,165 cell 
lines representing 29 cancer types from the CCLE project, together with 
cell line annotations and gene dependency scores, were downloaded 
from the portal of the Dependency Map (DepMap) project (https://
depmap.org/portal, release: Public 19Q1).
•TCGA. The TCGA RNA-seq data at both isoform and gene levels for 32 
human primary cancer types including BC were extracted from the 
QIAGEN OncoLand release TCGA_B38 2020v1.
•METABRIC. The human BC microarray data (Illumina HT 12 arrays, 
N = 1,981) were downloaded from Synapse (https://www.synapse.
org/#!Synapse:syn1757063, version syn1757063).
•BCs treated only with paclitaxel GSE25066. Source data are provided 
with this paper.

Code availability
The codes for the HDAC6 score calculation and other analyses are freely 
available at https://github.com/jyyulab/HDAC6-score
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Inhibiting individual histone deacetylase (HDAC) is emerging as well-tolerated 
anticancer strategy compared with pan-HDAC inhibitors. Through preclinical 
studies, we demonstrated that the sensitivity to the leading HDAC6 inhibitor 
(HDAC6i) ricolinstat can be predicted by a computational network-based 
algorithm (HDAC6 score). Analysis of ~3,000 human breast cancers (BCs) 
showed that ~30% of them could benefice from HDAC6i therapy. Thus, we 
designed a phase 1b dose-escalation clinical trial to evaluate the activity 
of ricolinostat plus nab-paclitaxel in patients with metastatic BC (MBC) 
(NCT02632071). Study results showed that the two agents can be safely 
combined, that clinical activity is identified in patients with HR+/HER2− 
disease and that the HDAC6 score has potential as predictive biomarker. 
Analysis of other tumor types also identified multiple cohorts with predicted 
sensitivity to HDAC6i’s. Mechanistically, we have linked the anticancer activity 
of HDAC6i’s to their ability to induce c-Myc hyperacetylation (ac-K148) 
promoting its proteasome-mediated degradation in sensitive cancer cells.

Homeostasis of cancer cells presents different oncogene and nonon-
cogene dependencies compared to nontransformed cells. Therapies 
aimed at targeting these dependencies represent more selective and 
less toxic anticancer strategies than standard chemotherapy1. Inhibi-
tion of HDACs using pan-inhibitors has proven anticancer activity, 
especially in hematopoietic malignancies2. However, toxicity associ-
ated with pleiotropic inhibition of multiple HDAC family members has 
limited their clinical use2. Thus, the interest has turned toward more 
selective inhibitors targeting specific HDACs.

HDAC6 is a class IIB deacetylase responsible for deacetylating 
a variety of substrates that is emerging as a promising therapeutic 
target. Anticancer activity of ricolinostat alone or in combination with 
additional drugs has been recently reported in preclinical models of 
multiple myeloma (MM)3, pancreatic and ovarian cancer4, esophageal 
cancer5, melanoma6 and lymphoma7. Recently, we reported that HDAC6 
function is essential for maintaining the viability of an aggressive BC 
subtype called inflammatory breast cancer (IBC; ~1–4% of all BC8) and 
demonstrated that the leading HDAC6i ricolinostat3 induces IBC cell 
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Clinical and Translational Impact and Applications
VIPER and DarwinOncoTreat methodologies are used to identify immune subpopulations at the single cell level from 
36 patients across four tumor types. By comparing peripheral vs. tumor-resident regulatory T cells (Tregs)—a highly 
immunosuppressive subpopulations—on a patient-by-patient basis, the analysis identified 17 MRs of Treg tumor residency, 8 
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SUMMARY

Due to their immunosuppressive role, tumor-infiltrating regulatory T cells (TI-Tregs) represent attractive
immuno-oncology targets. Analysis of TI vs. peripheral Tregs (P-Tregs) from 36 patients, across four malig-
nancies, identified 17 candidate master regulators (MRs) as mechanistic determinants of TI-Treg transcrip-
tional state. Pooled CRISPR-Cas9 screening in vivo, using a chimeric hematopoietic stem cell transplant
model, confirmed the essentiality of eight MRs in TI-Treg recruitment and/or retention without affecting other
T cell subtypes, and targeting one of the most significant MRs (Trps1) by CRISPR KO significantly reduced
ectopic tumor growth. Analysis of drugs capable of inverting TI-Treg MR activity identified low-dose gemci-
tabine as the top prediction. Indeed, gemcitabine treatment inhibited tumor growth in immunocompetent but
not immunocompromised allografts, increased anti-PD-1 efficacy, and depleted MR-expressing TI-Tregs
in vivo. This study provides key insight into Treg signaling, specifically in the context of cancer, and a gener-
alizable strategy to systematically elucidate and target MR proteins in immunosuppressive subpopulations.

INTRODUCTION

To manifest as clinically apparent disease, cancer must evade a

complex repertoire of host-protective immune-response mech-

anisms, the outcome of which is largely determined by the bal-

ance of inflammatory (anti-tumor) and tolerogenic (pro-tumor)

immune cell function in the tumor microenvironment (TME).1

By contributing to a tolerogenic TME, the regulatory T cell

(Treg) lineage—characterized by activation of the hallmark tran-

scription factor FoxP3—promotes tumor growth and immuno-

therapy resistance. As such, increased Treg infiltration in the

TME correlates with poor prognosis and increased resistance

to immune-checkpoint inhibitors across many human malig-

nancies.2–7 While this makes Tregs attractive therapeutic tar-

gets, several factors have prevented clinical translation. First,

to avoid severe autoimmunity-mediated toxicity,2,7 an optimal

Treg-directed therapy should target tumor-infiltrating Tregs (TI-

Tregs) while sparing peripheral Tregs (P-Tregs). Second, the

Treg transcriptional profile broadly recapitulates that of other

activated T cells, thus complicating the design of selective

targeting strategies that would preserve anti-tumor cytotoxic

CD8+ and CD4+ T cell function.2,8 The majority of current
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Figure 3. High-throughput drug screening platform identifies potential drug candidates with tumor-Treg-directed toxicity

(A) Experimental design of high-throughput Treg-directed drug toxicity screen.

(B) Results from initial set of 1,554 FDA-approved and investigational oncology compounds screened at a single dose for peripheral Treg growth inhibition, with

195 compounds showing >60% inhibition at 5 mM.

(C) Viability results of the PLATE-seq screen, where human tumor Tregs were assessed for growth inhibition on sorted tumor Tregs at peripheral-Treg EC20 dose,

resulting in seven drugs with higher toxicity in TI-Tregs relative to P-Tregs. Data are shown as percentage viability for each drug vs. DMSO control.

(D) Heatmap of VIPER protein activity for tumor vs. peripheral TregMRs defined in Figures 1E and 1F comparing transcriptional effect of drugs in (C) vs. untreated

control, with downregulation of nearly all identified MRs by these drugs.

(E) Patient-by-patient drug predictions according to inversion of patient tumor Treg vs. peripheral Treg protein activity signature by drug-treatment protein activity

signature. Each drug predicted to invert tumor Treg signature with �log10(Bonferroni-corrected p value) <0.01 in a particular patient is colored red. Patients are

grouped by tumor type. The plot is subset to show only drugs identified by tumor Treg growth screen in (C), with columns colored by tumor type and clustered by

unsupervised hierarchical clustering.

See also Figures S3 and S4.
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Clinical and Translational Impact and Applications
This real time, drug prioritization study, conducted in the setting of castration-resistant, metastatic, and neuroendocrine 
prostate cancer uses DarwinHealth’s VIPER-based DarwinOncoTreat analytical platform, in a rapid-turnaround context, for 
identifying and predicting drugs that will enhance the efficacy of clinically relevant drugs, in particular, the PD-1 inhibitor 
nivolumab and the AR inhibitor enzalutamide in individual patients, based on Master Regulator (MR) signatures and 
leveraging drug perturbation profiles.
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INTRODUCTION
Systematic prediction of drug efficacy in vivo remains 

a major clinical challenge for most cancer types due, in 
part, to tumor heterogeneity, which makes it difficult to 
optimize treatments on an individual basis. This is further 
compounded by difficulties in establishing patient-derived 
models that recapitulate the biology and complexity of an 
individual patient’s tumor for coclinical validation. Indeed, 
for some tumor types, the establishment of patient-derived 
xenograft (PDX) models can take more than 1 year (1, 
2), thus compromising their usefulness for evaluating 

drug efficacy within a timeframe compatible with patient 
care, especially in the metastatic setting. Patient-derived 
organoid (PDO) models have become increasingly more 
accessible and representative; however, these may not effec-
tively model the tumor microenvironment (3, 4). Although 
human tumor cell lines are widely available for many can-
cer types, they rarely represent the full spectrum of tumor 
phenotypes observed in patients and often have idiosyn-
cratic dependencies, as a result of alterations they accrue 
to survive in vitro. In principle, genetically engineered 
mouse models (GEMM), which are now widely available 
for many cancer types (5), may be valuable for studying 

ABSTRACT Prioritizing treatments for individual patients with cancer remains challenging, and 
performing coclinical studies using patient-derived models in real time is often 

unfeasible. To circumvent these challenges, we introduce OncoLoop, a precision medicine framework 
that predicts drug sensitivity in human tumors and their preexisting high-fidelity (cognate) model(s) by 
leveraging drug perturbation profiles. As a proof of concept, we applied OncoLoop to prostate cancer 
using genetically engineered mouse models (GEMM) that recapitulate a broad spectrum of disease 
states, including castration-resistant, metastatic, and neuroendocrine prostate cancer. Interrogation 
of human prostate cancer cohorts by Master Regulator (MR) conservation analysis revealed that most 
patients with advanced prostate cancer were represented by at least one cognate GEMM-derived 
tumor (GEMM-DT). Drugs predicted to invert MR activity in patients and their cognate GEMM-DTs were 
successfully validated in allograft, syngeneic, and patient-derived xenograft (PDX) models of tumors 
and metastasis. Furthermore, OncoLoop-predicted drugs enhanced the efficacy of clinically relevant 
drugs, namely, the PD-1 inhibitor nivolumab and the AR inhibitor enzalutamide.

SIGNIFICANCE: OncoLoop is a transcriptomic-based experimental and computational framework that 
can support rapid-turnaround coclinical studies to identify and validate drugs for individual patients, 
which can then be readily adapted to clinical practice. This framework should be applicable in many 
cancer contexts for which appropriate models and drug perturbation data are available.
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Clinical and Translational Impact and Applications
This invited paper reports on the step-by-step methodologies and technologies that underpin DarwinOncoDiscovery cancer drug discovery 
platform. The protocol systematically identifies, from specific patient tumor samples, the MRs that comprise the tumor checkpoint, then 
identifies selection process for in vitro and in vivo models that, by recapitulating the patient’s tumor checkpoint, constitute the appropriate 
cell lines and xenografts to further elucidate the tissue context–specific drug mechanism of action (MOA). This proprietary DarwinHealth 
platform permits precise, biomarker-based preclinical validations of drug efficacy, a systematic pipeline that provides optimized drug-
tumor alignments  and mechanism-based biomarkers to enrich prospective clinical trials with patients likely to respond.
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The current Achilles heel of cancer drug discovery is the inability to forge
precise and predictive connections among mechanistic drivers of the cancer
cell state, therapeutically significant molecular targets, effective drugs, and
responsive patient subgroups. Although advances in molecular biology
have helped identify molecular markers and stratify patients into molecular
subtypes, these associational strategies typically fail to provide a mechanistic
rationale to identify cancer vulnerabilities. Recently, integrative systems
biology methodologies have been used to reverse engineer cellular networks
and identify master regulators (MRs), proteins whose activity is both nec-
essary and sufficient to implement phenotypic states under physiological
and pathological conditions, which are organized into highly interconnected
regulatory modules called tumor checkpoints. Because of their functional
relevance, MRs represent ideal pharmacological targets and biomarkers.
Here, we present a six-step patient-to-model-to-patient protocol that employs
computational and experimental methodologies to reconstruct and interrogate
the regulatory logic of human cancer cells for identifying and therapeutically
targeting the tumor checkpoint with novel as well as existing pharmacological
agents. This protocol systematically identifies, from specific patient tumor
samples, the MRs that comprise the tumor checkpoint. Then, it identifies in
vitro and in vivo models that, by recapitulating the patient’s tumor checkpoint,
constitute the appropriate cell lines and xenografts to further elucidate the
tissue context–specific drug mechanism of action (MOA) and permit precise,
biomarker-based preclinical validations of drug efficacy. The combination
of determination of a drug’s context-specific MOA and precise identification
of patients’ tumor checkpoints provides a personalized, mechanism-based
biomarker to enrich prospective clinical trials with patients likely to respond.
© 2022 The Authors. Current Protocols published by Wiley Periodicals LLC.
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Rodriguez-Barrueco et al., 2015; Walsh et al.,
2017), gastroenteropancreatic neuroendocrine
tumors (Alvarez et al., 2018), neuroblastoma
(Rajbhandari et al., 2018), pancreas (Laise
et al., 2020), and prostate carcinoma (Aytes
et al., 2013; Aytes et al., 2014), among others
(Paull et al., 2021). Moreover, by mechanis-
tically regulating the aberrant transcriptional
state of tumors, MR proteins operate down-
stream, canalizing the effect of most genetic
alterations. As such, they can be viewed as a
regulatory bottleneck whose targeting cannot
be bypassed by additional alterations in up-
stream pathways (Califano & Alvarez, 2017)
(Fig. 1). In contrast to classic approaches
for biomarker discovery, based on empiri-
cal/statistical associations between features
and outcomes, the analysis of regulatory
networks provides a mechanistic rationale
for the role of MR proteins in implementing
and maintaining the tumor cell state and as
such represents a method for identifying ideal
candidate therapeutic targets and biomarkers.

THE PATIENT-TO-MODEL-
TO-PATIENT PROTOCOL

In this article, we describe the patient-to-
model-to-patient (PMP) protocol for tumor
checkpoint–based drug discovery developed
at DarwinHealth, based on algorithms and
computational tools developed in the Califano
Lab at Columbia University and licensed
exclusively for commercial use and cancer
drug discovery to DarwinHealth. The first step
of the PMP protocol relies on the systematic
analysis of gene expression profiles—RNA
sequencing—of tumor samples from can-
cer Patients and the identification of MRs
constituting the tumor checkpoint. Based
on the conservation of the patient’s tumor
checkpoint—which consists of a signature
characterized by MR protein activity levels—
the PMP protocol identifies the most appro-
priate cell line and patient-derived xenograft
(PDX) Models. The selected cell line mod-
els are then used for drugs’ context-specific
mechanism of action (MOA) elucidation and
drugs’ prioritization based on their ability
to target the tumor checkpoint, whereas the
PDX models are used for preclinical vali-
dation of drug efficacy and in vivo MOA.
Specifically, for the preclinical validation, the
PMP protocol leverages the tumor checkpoint
as a mechanism-based biomarker, which, in
concert with a drug’s context-specific MOA,
is used to predict drug response—including
tumor growth (efficacy) and pharmacody-
namic studies—in the context of genetically

engineered or PDX models. Finally, the PMP
protocol returns to cancer Patients, leverag-
ing the context-specific drug MOA/tumor
checkpoint–based biomarkers to enrich clin-
ical trial cohorts with patients most likely to
show clinical response (tumor suppression) to
the predicted pharmacologic intervention (see
Fig. 2 for a schematic representation).

Part 1 of the PMP Protocol:
Systematic Identification of Patients’
Master Regulator Proteins and Tumor
Checkpoints

A key aspect of the PMP protocol is the
identification of non-oncogene-based tumor
dependencies directly from patients’ tumor
samples, thereby avoiding the potential biased
and idiosyncratic results commonly associated
with the use of animal or cell culture–based tu-
mor models (Fig. 2A).

MR elucidation in specific, patient-derived
tumors requires gene expression profiling
of fresh-frozen (recommended) or formalin-
fixed tissue from tumor samples obtained
from biopsies or tumor tissue following tu-
mor resection/excision. Typically, such gene
expression profiles require a minimum se-
quencing depth of 5 million reads aligned
to the reference transcriptome for samples
with a tumor cell content >60% (Alvarez
et al., 2018). Satisfying these conditions is
required because potential contamination of
the expression profile with normal cells em-
bedded in the tumor stroma dilutes the signal,
thereby limiting our ability to characterize
the transcriptional identity of the tumor cells
specifically and therefore its MRs. We have
previously shown that a sequencing depth of
5 million reads is adequate for protein activity
quantification using the VIPER algorithm
(see below). Moreover, it has been shown
that VIPER-based results quantifying protein
activity levels are extremely robust despite
limited sequencing depth, producing virtually
identical results once the sequence depth is
higher than 2 million aligned reads, with Pear-
son’s correlation (R > 0.98) when comparing
protein activity signatures inferred at depths of
2 and 30 million reads (Alvarez et al., 2016).

The gene expression data (raw counts) are
then normalized using a variance stabilization
transformation—as implemented in the DE-
Seq2 package, available from Bioconductor
(Love, Huber, & Anders, 2014) (Table 2)—or
by log-transforming the counts per million
(CPM) or fragments per kilobase per million
(FPKM); we typically use log2(CPM+1).
To account for differences in the
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Figure 3 DarwinOncoMatch-based alignment of lineage-matched cell lines to prostate carcinoma
tumors. (A) Heatmap showing the conservation of the Tumor Checkpoint Reporter Set (TCRS) for
each of 1045 tumors, from five different prostate carcinoma cohorts, in eight prostate carcinoma
cell lines. The conservation was quantified by the enrichment of the TCRS on the cell lines’ protein
activity signature and is expressed by the Tumor Checkpoint Matching Score (TCMS) as -log10(p-
value), Bonferroni’s corrected. The bar graph to the right of the heatmap shows the Checkpoint
Coverage Index (CCI), indicating the proportion (%) of the analyzed tumors whose checkpoint is
significantly conserved in the cell lines (p < 10-5, TCMS > 5). (B) Example enrichment plots for the
TCRS of one tumor sample (TCGA-YL-A8S9-01) on the protein activity signatures of the DU145
and LNCaP cell lines. The x-axis represents 2448 transcriptional regulatory proteins, sorted from
the one showing the lowest relative activity (left) to the one showing the highest relative activity
(right) for the specified cell line. The vertical lines indicate the top 25 (red) and bottom 25 (blue)
proteins most activated and inactivated, respectively, that are part of the TCRS for sample TCGA-
YL-A8S9-01. The plots show strong enrichment of the TCRS in the LNCaP, but not the DU145,
protein activity signatures.

primary cultures and tumor explants (Alvarez
et al., 2019).

Part 3 of the PMP Protocol:
Elucidation of Context-Specific Drug
Mechanism of Action

Context-specific drug MOA is elucidated
by perturbing appropriate cell line models (see
PMP protocol part 2, above) with a library of
drugs and/or compounds in order to character-
ize the impact of the drug perturbations on the
activity of MRs consisting of, as previously
noted, transcriptional regulatory proteins (Fig.
2C). This analysis requires full transcriptome
expression profiling followed by VIPER anal-
ysis to provide a precise MR protein activity
signature (Shen et al., 2017).

To ensure that drug-mediated effects on
protein activity levels are optimally character-
ized while also maximizing the value of the
transcriptome profiles in cell lines as a faith-
ful reporter for the specific effect of the drug
on the activity of transcriptional regulatory
proteins, drug perturbations are performed
at their highest possible sublethal concentra-
tions. These “equipotent” concentrations are
defined by dose-response analysis using cell
viability as a readout. Typically, 10- to 12-
point titration curves are performed while
quantifying viable cells at 48 to 96 hr and es-
timating the effective dose 20% (ED20), i.e.,
the concentration leading to a loss of 20% via-
bility. Then, a set of serial dilutions is defined

for the perturbational assays, with concentra-
tions ranging from the estimated ED20 to 1 to
3 additional dilutions using a factor of 10 or 3,
respectively, e.g., ED20 and 1/10 ED20 or ED20

and 1/3, 1/9, and 1/27 ED20.
Gene expression profiles after drug per-

turbation are obtained at 24 hr to evalu-
ate the short-term effect of the perturbation
on the activity of the MR proteins and at
longer time points (48 to 96 hr) to cor-
roborate a reproducible and sustained MOA
not affected by cell adaptive/compensatory
responses. Such corroboration of an endur-
ing MOA at longer time points is essen-
tial for identifying drugs/compounds of de-
velopmental interest and prioritizing agents
with potential therapeutic application in pre-
clinical and clinical research. Although dif-
ferent protocols can be used to obtain the
transcriptome-wide profile of perturbed cells,
we typically use the low-cost, highly multi-
plexed Pooled Library Amplification for Tran-
scriptome Expression (PLATE-Seq) protocol
(Bush et al., 2017). The PLATE-Seq sequenc-
ing depth of 500,000 to 2 million mapped
reads per well is sufficient for the accurate
estimation of protein activity by VIPER, as
we have previously discussed (Alvarez et al.,
2016).

The Pan-cancer Analysis of Chemical En-
tity Activity (PanACEA) resource database
provides genome-wide RNA-Seq profiles for
25 cell lines at 24 hr after perturbation with Laise et al.
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Clinical and Translational Impact and Applications
In this report on the STORM clinical trial for multiple myeloma in which patients were treated with the XPO1 inhibitor 
selinexor, DarwinHealth identified a Linear Discriminant Analysis (LDA) classifier using VIPER-assessed activity of only four 
proteins (IRF3, ARL2BP, ZBTB17, and ATRX). The DarwinOncoMarker achieved highly significant predictability (AUC = 0.862) 
in identifying responders vs. non responders, as also confirmed in an independent cohort.
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BACKGROUND
Selinexor, a selective inhibitor of nuclear export compound that blocks exportin 1 
(XPO1) and forces nuclear accumulation and activation of tumor suppressor proteins, 
inhibits nuclear factor κB, and reduces oncoprotein messenger RNA translation, is a 
potential novel treatment for myeloma that is refractory to current therapeutic options.

METHODS
We administered oral selinexor (80 mg) plus dexamethasone (20 mg) twice weekly to 
patients with myeloma who had previous exposure to bortezomib, carfilzomib, lena­
lidomide, pomalidomide, daratumumab, and an alkylating agent and had disease 
refractory to at least one proteasome inhibitor, one immunomodulatory agent, and 
daratumumab (triple­class refractory). The primary end point was overall response, 
defined as a partial response or better, with response assessed by an independent 
review committee. Clinical benefit, defined as a minimal response or better, was a 
secondary end point.

RESULTS
A total of 122 patients in the United States and Europe were included in the modified 
intention­to­treat population (primary analysis), and 123 were included in the safety 
population. The median age was 65 years, and the median number of previous regi­
mens was 7; a total of 53% of the patients had high­risk cytogenetic abnormalities. A 
partial response or better was observed in 26% of patients (95% confidence interval, 
19 to 35), including two stringent complete responses; 39% of patients had a minimal 
response or better. The median duration of response was 4.4 months, median progres­
sion­free survival was 3.7 months, and median overall survival was 8.6 months. Fa­
tigue, nausea, and decreased appetite were common and were typically grade 1 or 2 
(grade 3 events were noted in up to 25% of patients, and no grade 4 events were re­
ported). Thrombocytopenia occurred in 73% of the patients (grade 3 in 25% and grade 
4 in 33%). Thrombocytopenia led to bleeding events of grade 3 or higher in 6 patients.

CONCLUSIONS
Selinexor–dexamethasone resulted in objective treatment responses in patients with 
myeloma refractory to currently available therapies. (Funded by Karyopharm Thera­
peutics; STORM ClinicalTrials.gov number, NCT02336815.)
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higher were exclusion criteria. A full list of inclu­
sion and exclusion criteria is provided in Table S1 
in the Supplementary Appendix. Written informed 
consent was obtained from all patients before 
enrollment.

Treatment

Oral selinexor (80 mg) in combination with 
dexamethasone (20 mg) was administered on 
days 1 and 3, weekly, in 4­week cycles until dis­
ease progression, death, or discontinuation. A 
dose­modification protocol was used for the 
management of adverse events (Tables S2 and S3 
in the Supplementary Appendix). All patients 
were required to receive 8 mg of ondansetron (or 
equivalent) before the first dose of study drug 
and two or three times daily as needed. Other 
antiemetics (olanzapine and neurokinin­1 recep­
tor antagonists) were permitted for patients with 
unacceptable side effects to ondansetron (or its 
equivalent) or with persistent nausea. Supportive 
measures were provided at the discretion of the 
investigator and may have included intravenous 
f luids, hematopoietic growth factors, transfu­
sions, appetite stimulants (olanzapine and meges­
trol acetate), or a combination of these.

End Points and Assessments

The primary end point was overall response, 
defined as a confirmed partial response (≥50% 
reduction in the serum level of myeloma protein) 
or better, with response adjudicated by the inde­
pendent review committee.21 Secondary end points 
included response duration; clinical benefit, de­
fined as a confirmed minimal response (≥25 to 
<50% reduction in the serum level of myeloma 
protein) or better; progression­free survival; and 
overall survival. (Definitions of end points are 
provided in the Supplementary Appendix.) Disease­
specific assessments were conducted at baseline, 
day 1 of each treatment cycle, and at the time of 
disease progression or suspected response. High­
risk cytogenetic abnormalities included del(17p), 
t(4;14), t(14;16), and gain(1q) chromosomal abnor­
malities on fluorescence in situ hybridization.22 
Quality of life was assessed with the Functional 
Assessment of Cancer Therapy–Multiple Myeloma 
questionnaire (see the protocol). Safety and side­
effect profile were assessed through history tak­
ing, physical examination, laboratory assessments, 

and 12­lead electrocardiography. Adverse events 
were graded according to the National Cancer 
Institute Common Terminology Criteria for Ad­
verse Events, version 4.03.23

Pharmacodynamics and Response Predictor

Methods regarding measurement of XPO1 mRNA 
induction and immunohistochemical analysis of 
glucocorticoid receptor induction are included in 
the Supplementary Appendix. A predictive bio­
marker of response to selinexor was sought in 
patients with myeloma with the use of the VIPER 
(Virtual Inference of Protein­activity by Enriched 
Regulon analysis) algorithm, which can trans­
form gene­expression profiles from tumor sam­
ples into accurate predictions of protein activ­
ity for approximately 6000 regulatory proteins 
(DarwinHealth) (see the Supplementary Appen­
dix).24 RNA levels in CD138+ cells that were 
isolated from the pretreatment bone marrow 
aspirate of patients enrolled in the STORM Part 2 
study were used for this analysis.

Statistical Analysis

The sample size was based on assumptions for 
penta­exposed, triple­class refractory myeloma 
with a minimal threshold of 10% of patients 
with a partial response or better.19 For the pri­
mary efficacy analysis, a sample of 122 patients 
allowed for a one­sided test at an alpha level of 
0.025 to detect a minimum of 20% of patients 
with a partial response or better against a value 
of 10% under the null hypothesis with 90% 
power. The modified intention­to­treat popula­
tion was used for the primary efficacy analysis; 
this population comprised all enrolled patients 
who met all eligibility criteria or received a 
waiver to enroll from the sponsor (12 patients; 
waivers were granted only in situations in which 
patient safety was not compromised and the 
scientific integrity of the study was not affected) 
and who received at least one dose of selinexor 
plus dexamethasone. The safety population in­
cluded all patients who received at least one dose 
of study drug. The primary analysis used a two­
sided, exact 95% confidence interval, calculated 
for the percentage of patients with a partial 
response or better in the modified intention­to­
treat population, with statistical significance 
declared if the lower boundary of this interval 
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Clinical and Translational Impact and Applications
Independent coverage of the Oncotecture hypothesis in Science, including Master Regulators, Tumor Checkpoints (i.e., MR 
modules), clinical cases, and genetic or pharmacologic inversion of MR activity leading to loss of tumor viability in vivo.
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I
n 2016, doctors invited Eileen 

Kapotes to join a clinical trial for a 

drug that had never been used for her 

disease. Kapotes, a first grade teacher 

in her 50s, was fighting an aggres-

sive breast cancer that had spread 

through her body. She had endured 

grueling treatments over the previous 

4 years, including whole-brain radia-

tion therapy. She had also been taking the 

breast cancer medication Herceptin, but 

her tumors were still growing. Now, she 

had a chance to try something radically 

different: a drug called ruxolitinib, 

originally designed to treat cancers 

affecting the blood and bone marrow.

Kapotes’s oncologist, Amy Tiersten 

at Mount Sinai Hospital, was 

stunned by how well her patient 

responded to the new drug. It 

kept her cancer at bay and she 

had almost no side effects. “I was 

amazed,” Tiersten says.

The ruxolitinib trial was the 

product of a decadelong quest by 

Andrea Califano, a systems biologist 

at Columbia University. Using so-

phisticated computing, he models the 

molecular networks that sustain can-

cer cells and pinpoints proteins called 

transcription factors that act as linch-

pins, controlling the behavior of many 

genes inside a cell. Califano collaborated 

with cell biologist José Silva, then also at 

Columbia, to analyze breast cancer sam-

ples in a repository of tissues from other 

patients who had become resistant to Her-

ceptin. Findings of the analysis suggested 

a transcription factor called STAT3 plays a 

critical role in those cancers. And ruxolitinib 

was known to inhibit STAT3.

Other researchers have focused on iden-

tifying genetic mutations that drive the 

disease in an individual patient. Doing so, 

the thinking goes, can help identify the 

best drug for each patient. But because of 

the diversity of cancer-causing mutations 

across the population, an arsenal of tens 

of thousands of drugs might be needed to 

treat everyone.

Califano’s approach, by contrast, is a 

twist on that idea. He has focused in-

stead on identifying a few transcrip-

tion factors that act as bottlenecks (see 

graphic, p. 1176). Target those master 

regulators, as Califano calls them, and 

you will stop cancer in its tracks, no mat-

ter what mutation initially caused it. 

Oncologists would still need to analyze 

each patient’s mutations to figure out 

which regulators are at play in their par-

ticular cancer, but instead of tens of thou-

sands of drugs, Califano says, they may 

only need dozens. It’s a depersonalized ap-

proach to personalized medicine.

The strategy builds on Califano’s com-

putational training as a physicist. “We’ve 

built algorithms that can reverse engineer 

the logic of each different tumor so that 

we know the targets” for drugs, he says. 

His algorithms are a prime example of 

systems biology—which uses complicated 

math to model intricate biological systems, 

such as gene interactions. It’s a field that 

has generated tremendous 

interest, but little real-world 

clinical success.

In 2015, Califano co-founded 

a company called Darwin-

Health that uses his algorithms 

to guide doctors by identifying 

the key transcription factors in 

a patient’s tumor and suggest-

ing drugs to target them. His 

work has earned praise from 

other researchers, although 

some note the approach is 

only in early stages of human 

testing, and its clinical useful-

ness remains uncertain. Ed 

Liu, president and CEO of the 

Jackson Laboratory, a nonprofit biomedical 

institute Califano has collaborated with, is 

optimistic the method will ultimately pay 

off. “As we develop more and more precise 

ways to attack those nodes, then the more 

useful his algorithms will be.”

Califano’s approach is about to get its 

largest test yet. Columbia has allocated 

$15 million for a trial of 3000 cancer patients 

within its hospitals over the next 3 years, 

using DarwinHealth algorithms to analyze 

each patient’s cancer and recommend treat-

ments. “This is probably one of the most 

exciting moments in my research,” Califano 

says, “because finally we’re able to apply this 

methodology on a scale that is large enough 

to be able to really learn something in terms 

of the response of the patient.”

IN FALL OF 1958, a young scientist named 

François Jacob went to his colleague 

Jacques Monod at the Pasteur Institute in 

Paris with a hypothesis about how genetic 

mechanisms might control cell behavior. 

Both men had renegade tendencies: Jacob 

had fought Nazis—and been injured—on 

behalf of the exiled French government 

in World War II, and Monod, an accom-

plished rock climber, had taken part in the 

guerilla activities of the French Resistance. 

Over the next few years, the pair worked 

together, and they were the first to demon-

strate the idea of genetic circuits. The work 

ultimately won them a share of the 1965 

Nobel Prize in Physiology or Medicine.

In experiments with Escherichia coli, 

Jacob and Monod showed that the gene 

networks in those bacteria can alter the 

production of certain enzymes depending 

on the type of food available. When the 

sugar lactose was abundant, the bacteria 

turned on genes that code for the enzymes 

to metabolize it. But with access only to 

glucose, a different sugar, the microbes 

shut down those genes. It was a pioneer-

ing demonstration that the activity of in-

dividual genes could be either boosted 

or repressed.

Experiments in later de-

cades helped explain how the 

cell machinery exerts that 

control. One key player is tran-

scription factors, proteins that 

boost or inhibit the activity of 

other genes. The gene-regulat-

ing network of a single cell is 

far more elaborate than Jacob 

and Monod had the tools to 

uncover. The human genome 

contains 20,000 genes, and 

an estimated 1500 of those 

produce transcription factors. 

That system creates a complex 

web of on and off switches.

Califano thought that if he could iden-

tify the key switches in cancer, he might 

be able to shut down the catastrophic ge-

netic changes that drive its growth. But 

after he finished his training as a physicist 

in 1986, IBM recruited him to spearhead 

projects in computer vision and artificial 

intelligence. The building codes at the IBM 

facility prevented Califano from having an 

experimental lab to pursue his interests in 

biology. He left in 2000 and landed at Co-

lumbia in 2003. He started to write code 

to solve the riddle of cancer on the day 

he arrived.

Nowadays, the data underlying his al-

gorithms come from a method called RNA 

sequencing (RNA-seq). The method gauges 

gene activity within cells by sequencing RNA 

molecules, which act as a proxy for which 

genes are turned on and off. Algorithms 

crunch the massive amount of RNA-seq 

data to reveal which genes are overactive or 

underactive in cancer compared with 

healthy tissue. The algorithms then use com-

plex equations to infer patterns of gene inter-

actions and zero in on the transcription fac-

tors with the largest influence.

The search for key drivers of cancer isn’t 

easy. Consider a 2018 analysis of more 

than 9000 samples that reported almost 

1.5 million mutations. Genes influence one 

another in intricate webs and feedback 

n 2016, doctors i
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“You have 

more potential 

combinations 

of cancerous 

mutations than 

atoms in 

the universe.”
Andrea Califano,

Columbia University

A visualization of 7000 interacting genes in a 

brain cancer patient shows the handful with 

the largest number of interactions (red)—which 

makes them tempting targets for therapies.
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hunt. It has contracted DarwinHealth to 

systematically search the pharmaceutical 

giant’s library of compounds for other com-

pounds that might target master regulators.

Additional support for the Darwin-

Health approach comes from a recent 

study by Samir Parekh at the Icahn School 

of Medicine at Mount Sinai and a team of 

international collaborators, who recently 

completed a clinical trial to test a combi-

nation of two drugs, dexamethasone and 

selinexor, for multiple myeloma. The com-

bination only worked in about one-quarter 

of patients, reducing levels of a myeloma 

protein in their blood. In a retrospective 

analysis, the DarwinHealth tools predicted 

which patients would respond. By assess-

ing RNA-seq data from 12 patients, the 

tools identified four of the five patients 

who benefited from the drugs and six of 

the seven who did not, the researchers re-

ported last year in The New England Jour-

nal of Medicine.

Morgan Craig, who uses computational 

approaches to identify new drugs at the 

University of Montreal, says efforts to un-

derstand molecular networks in cancer 

have the potential to improve personalized 

medicine. Algorithms like those used by 

DarwinHealth “may not take over clinical 

approaches right away,” Craig explains. 

“But it’s definitely a step toward trying to 

do this target identification in a more sys-

tematic way.”

DARWINHEALTH DOESN’T RUN clinical tri-

als, but for the past 3 years, Califano’s lab 

has tested the company’s algorithms in ex-

periments at Columbia. The researchers 

analyzed RNA-seq data from biopsy samples 

from more than 100 cancer patients to iden-

tify master regulators and suggest drugs that 

might not normally be considered (much as 

DarwinHealth’s commercial service does). 

In a few dozen cases, the researchers later 

tested the drug in mice with a grafted ver-

sion of a patient’s tumor to confirm the 

drug affected the master regulators as pre-

dicted. For five of those patients, doctors 

felt bold enough to try the algorithm’s sug-

gested drug. Each patient had late-stage 

cancer that had already stopped responding 

to available treatments.

Four of those five patients responded 

to the drugs given, at least for a time. For 

one patient with a meningioma, a tumor 

that can exert fatal pressure on the brain, 

the algorithm pointed to etoposide—a drug 

originally designed to treat lung and ovar-

ian cancer. His tumor stopped growing for 

more than a year; it then started to slightly 

rebound and he was put in a different clini-

cal trial. After that, his tumor started to rap-

idly grow again.

Califano hopes to build on those an-

ecdotal results with the formal clinical 

trial, now underway at Columbia. The 

Oncotarget and Oncotreat tests from 

DarwinHealth will be used with 3000 

patients in the Columbia system. Ulti-

mately, the drugs they receive will be cho-

sen by a board of doctors on the basis of 

readouts either from mutations detected 

by traditional sequencing or from the

VIPER-based algorithm. DarwinHealth 

will receive no money for the tests to avoid 

any conflict of interest, given that Califano 

is part of the company’s leadership while 

working at the university.

Califano and Bosker are also licensing 

the DarwinHealth tools to other research-

ers around the world to test against cancer. 

In January, Beijing Cancer Hospital con-

firmed it would be using DarwinHealth’s 

tools to guide treatment for patients in 

clinical trials there. Xiaotian Zhang, an 

oncologist leading the new study, says that 

if early results look promising, the research 

will be expanded to other hospitals. “These 

clinical studies will all focus on gastro-

intestinal tumors, particularly gastric and 

esophageal cancer,” Zhang says.

As the DarwinHealth approach goes into 

more clinical testing sites, more patients 

like Kapotes will receive drugs never in-

tended to fight their particular cancers. 

For some people, like her, it might buy 

precious time. For more than 2 years af-

ter she enrolled in the ruxolitinib trial, 

Kapotes’s cancer remained stable. When 

scans eventually showed her tumor had 

started to grow again, Tiersten switched 

her to another medication, which had just 

received FDA approval. These days, Kapotes 

is taking time to enjoy her retirement and 

her family. The newly approved drug she 

now takes works through a different mech-

anism, but Kapotes never would have had 

the chance to take it if not for ruxolitinib. 

“She hung on long enough because she was 

in the trial,” Tiersten says. j

Roxanne Khamsi is a science journalist based 

in Montreal.P
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Andrea Califano (right) and Gideon Bosker (left) founded DarwinHealth to apply systems biology to cancer.
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loops, so the number of ways those genetic 

perturbations might interact in a tumor 

is vast. “There’s, say, 1000 genes that are 

recurrently mutated across all tumors that 

may drive cancer, so you have more poten-

tial combinations of cancerous mutations 

than atoms in the universe,” Califano says.

The pharmaceutical industry can’t make a 

new drug for each of those unique combina-

tions. (By comparison, 126 new cancer drugs 

received approval from the Food and Drug 

Administration [FDA] between 1980 and 

2018.) That’s why pinpointing the mas-

ter regulators that are common culprits 

across cancers is so crucial, Califano says.

At Columbia, he has worked with his 

former postdoctoral researcher Mariano 

Alvarez to develop more efficient al-

gorithms for sorting through those 

networks. The current one, called

VIPER—short for virtual inference of 

protein activity by enriched regulon 

analysis—has been used in dozens of 

studies of how vast, interconnected ge-

netic networks have gone awry in blad-

der, prostate, and lung cancers.

Califano and colleagues recently used 

the VIPER algorithm to look across 

RNA-seq data from more than 10,000 

individual tumor samples in the Cancer 

Genome Atlas, a database sponsored by 

the U.S. government. The team found 

that different types of cancer have more 

in common than previously thought. The 

analysis, now under review for publica-

tion, identified 407 transcription factor 

genes that acted as suspected linchpins 

across all the cancer samples. Only 20 to 

25 of them were implicated in any given 

cancer—and Califano says fighting the 

cancer might not require knocking out 

all those transcription factors: Toppling 

just a few nodes might be enough.

Califano “was among the first to put 

the complex algorithms out there, and 

then others have followed,” Liu says. A 

strength of Califano’s algorithms is that 

they look at an entire network of gene 

products, including RNA and proteins, 

adds David Tuveson, director of the 

Cold Spring Harbor Laboratory Can-

cer Center. Tuveson uses VIPER in his own 

search for treatments for pancreatic cancer.

Califano, too, hopes to put his algo-

rithms to work for patients. The idea to 

commercialize that approach began in 

2013, on a beach in the British Virgin Is-

lands. There he met a fellow vacationer, 

Gideon Bosker, a physician who had gotten 

his start in emergency medicine and later 

launched a successful medical education 

company. The pair hit it off, and 2 years 

later they decided to form DarwinHealth. 

Columbia licensed the VIPER technology 

to DarwinHealth, and Bosker put $1.4 mil-

lion of his money into the venture to get it 

off the ground. Since then, industry collab-

orators have sponsored more than a dozen 

research projects with the algorithms from 

the company.

DarwinHealth combines Califano’s algo-

rithms with a database of information from 

experiments about how drugs affect multi-

ple genes, compiled through the company’s 

review of the literature and other sources. 

As long as they follow established rules 

for patient tissue transfer, doctors around 

the world can now send a tissue sample 

to Columbia’s pathology department, 

where RNA is extracted from cells. For 

$1600, the company generates an “Onco-

Target” readout of the individual master 

regulator that seems to have the biggest 

sway in the patient’s cancer, as well as a 

more sophisticated “OncoTreat” readout of 

existing drugs that tamp down the tumor’s 

25 most activated transcription factors and 

boost the 25 that are most turned down. 

The products launched in 2018.

GORDON MILLS, who serves as director of 

precision oncology for the Knight Cancer 

Institute at Oregon Health & Science Univer-

sity and helped pioneer the field of systems 

biology, notes that Califano’s cancer-fighting 

algorithms still have to overcome a lot of 

obstacles. “There’s skepticism that we’re 

far enough along to be able to predict the 

complexity of human disease,” says Mills, 

who has applied Califano’s algorithms to 

data in his own research. “There have been 

hundreds of algorithms that have failed 

to truly capture the complexity and 

heterogeneity of cancer and have not 

panned out in attempts to move them 

through to the clinic.”

But Califano sees a sign that his 

search for cancer linchpins will pay 

off in an unlikely cancer success story: 

thalidomide. In the mid-1950s, the drug 

arrived on the market as a sedative to 

help with sleep and anxiety. Doctors also 

prescribed it to pregnant women for 

nausea—which proved devastating be-

cause it caused massive birth defects, 

including missing limbs and heart prob-

lems. But thalidomide has made a come-

back as a medicine for diseases such as 

leprosy. In 1997, doctors began to test 

the drug against multiple myeloma, a 

cancer affecting white blood cells.

Scientists have since learned more 

about how thalidomide works. In 2018, 

they found it prompts a protein com-

plex called cereblon inside cells to 

mark certain transcription factors for 

disposal. In multiple myeloma, those 

transcription factors, IKZF1 and IKZF3, 

act as linchpins in the genetic network 

that allows the cancer to thrive. To 

Califano, thalidomide’s success shows 

the value of finding existing drugs that 

can target cancer’s master regulators.

Candidates are scarce. Whereas 

many drugs go after proteins that act 

as enzymes and have easy-to-find ac-

tive sites to target, transcription fac-

tors lack such readily targetable spots, 

and many researchers have considered 

them undruggable.

But Califano’s Columbia lab is trying 

to add to the list of potential drugs. Hulk-

ing machines with robotic arms process 

tumor cell samples to do high-throughput 

screening that looks at how candidate 

drugs alter the cells’ RNA-seq profile and 

whether the drugs reverse the activity of 

master regulators. A $12 million super-

computer in the basement of the building, 

a shared resource for university research-

ers, analyzes the data.

Bristol Myers Squibb, which manufac-

tures the FDA-approved version of thalido-

mide for multiple myeloma, has joined the C
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Targeting all mutations that can activate cancer’s master 

regulators would require many drugs (A, B, C, D).

Gene

Initial mutation

Corrected gene behavior

Malfunctioning gene

Master regulator

A single drug (X) that targets a master regulator 

can have the same efect.

X

A B C D

Hitting cancer’s choke points
Shutting down a cancer cell’s malfunctioning gene network 

is a tall order if you target mutations too far upstream in the 

network. But disabling a transcription factor that acts as a 

master regulator in the cell’s genetic circuitry can cause its 

demise even with just one drug.
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Clinical and Translational Impact and Applications
In this 7-year clinical trial evaluating multiple advanced cancers, tumors resected from 130 patients—across 18 heterogeneous, 
highly aggressive malignancies that had progressed on multiple lines of treatment—were first transplanted in immunocompromised 
mice and then treated with drugs predicted by DarwinOncoTreat or DarwinOncoTarget. Based on 35 predicted drug arms (22 by 
OncoTreat, 21 by OncoTarget, with 8 predicted by both methods) and tyrosine kinase inhibitors (negative control arms), the trial 
showed a DCR (Disease Control Rate) = 68% and DCR = 91% compared to a DCR = 0% for drugs on the control arms.
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A Transcriptome-Based Precision Oncology 
Platform for Patient–Therapy Alignment 
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INTRODUCTION
A major goal of precision cancer medicine (PCM) is to 

improve clinical outcomes by leveraging the molecular-level 
properties of a tumor—as encoded by mutational, gene 
expression, epigenetic modification, and proteomic profiles—
to accurately predict sensitivity to candidate therapeutic 
agents. Application of PCM principles may help generate 
responder-enriched cohorts for clinical trials when predic-
tions are conserved across a substantial fraction of patients 
(1, 2), and even help prioritize personalized treatments on an 
individual patient basis.

Systematic application of the current PCM paradigm is 
largely predicated on two complementary approaches. The 
first one (oncogene addiction) aims to identify targeted thera-
pies based on the presence of activating genetic alterations in 
druggable oncoproteins (3); the second (immunotherapy) is 

ABSTRACT Predicting in vivo response to antineoplastics remains an elusive challenge. 
We performed a first-of-kind evaluation of two transcriptome-based precision 

cancer medicine methodologies to predict tumor sensitivity to a comprehensive repertoire of clini-
cally relevant oncology drugs, whose mechanism of action we experimentally assessed in cognate 
cell lines. We enrolled patients with histologically distinct, poor-prognosis malignancies who had 
progressed on multiple therapies, and developed low-passage, patient-derived xenograft models 
that were used to validate 35 patient-specific drug predictions. Both OncoTarget, which identifies 
high-affinity inhibitors of individual master regulator (MR) proteins, and OncoTreat, which identi-
fies drugs that invert the transcriptional activity of hyperconnected MR modules, produced highly 
significant 30-day disease control rates (68% and 91%, respectively). Moreover, of 18 OncoTreat-
predicted drugs, 15 induced the predicted MR-module activity inversion in vivo. Predicted drugs 
significantly outperformed antineoplastic drugs selected as unpredicted controls, suggesting these 
methods may substantively complement existing precision cancer medicine approaches, as also 
illustrated by a case study.

SIGNIFICANCE: Complementary precision cancer medicine paradigms are needed to broaden the clini-
cal benefit realized through genetic profiling and immunotherapy. In this first-in-class application, we 
introduce two transcriptome-based tumor-agnostic systems biology tools to predict drug response in 
vivo. OncoTarget and OncoTreat are scalable for the design of basket and umbrella clinical trials.

1Department of Systems Biology, Columbia University Irving Medi-
cal Center, New York, New York. 2Herbert Irving Comprehensive Cancer 
Center, Columbia University Irving Medical Center, New York, New York. 
3Department of Pediatrics, Memorial Sloan Kettering Cancer Center, New 
York, New York. 4Department of Epidemiology and Biostatistics, Memo-
rial Sloan Kettering Cancer Center, New York, New York. 5Department 
of Medicine, Columbia University Irving Medical Center, New York, New 
York. 6Department of Neurological Surgery, Columbia University Irving 
Medical Center, New York, New York. 7Department of Urology, Columbia 
University Irving Medical Center, New York, New York. 8Department of 
Epidemiology, Columbia University Mailman School of Public Health, New 
York, New York. 9Department of Obstetrics and Gynecology, Columbia 
University Irving Medical Center, New York, New York. 10Department of 
Neurology, Columbia University Irving Medical Center, New York, New 
York. 11Department of Surgery, Columbia University Irving Medical Center, 
New York, New York. 12Department of Otolaryngology Head and Neck 
Surgery, Columbia University Irving Medical Center, New York, New York. 
13Department of Radiation Oncology, Columbia University Irving Medical 
Center, New York, New York. 14Department of Pathology and Cell Biology, 
Columbia University Irving Medical Center, New York, New York. 15Winship 

Cancer Institute of Emory University and Department of Hematology and 
Medical Oncology, Emory University School of Medicine, Atlanta, Georgia. 
16Department of Biochemistry and Molecular Biophysics, Columbia Uni-
versity Irving Medical Center, New York, New York. 17DarwinHealth Inc., 
New York, New York. 18Department of Biomedical Informatics, Columbia 
University Irving Medical Center, New York, New York. 19J.P. Sulzberger 
Columbia Genome Center, Columbia University Irving Medical Center, New 
York, New York.
Note: P.S. Mundi and F.S. Dela Cruz contributed equivalently to this article.
Corresponding Authors: Andrea Califano, Department of Systems Biol-
ogy, Columbia University, 1130 St. Nicholas Avenue, New York, NY 10032. 
Phone: 212-851-5140; E-mail: ac2248@columbia.edu; Mariano J. Alvarez, 
3960 Broadway, New York, NY 10032. Phone: 646-661-5604; E-mail: 
malvarez@darwinhealth.com; and Andrew L. Kung, 1275 York Avenue, 
New York, NY 10065. Phone: 212-639-5957; E-mail: kunga@mskcc.org
Cancer Discov 2023;13:1–22
doi: 10.1158/2159-8290.CD-22-1020
©2023 American Association for Cancer Research

based on the discovery that specific tumor-initiated immu-
nosuppressive programs can be abrogated by pharmaco-
logic targeting of immune checkpoints or by sensitizing the 
immune system to tumor antigens (4).

Despite the remarkable clinical success of these approaches 
within specific tumor subtypes (5), many tumors may lack 
actionable genetic alterations, fail to respond to therapy, or 
develop drug resistance, suggesting an acute need for comple-
mentary approaches targeting nononcogene tumor depend-
encies (6). In particular, despite its critical role in tumor 
subtype stratification, use of transcriptome-based approaches 
in precision medicine has lagged.

We and others have shown that, within each tumor his-
tology, cancer cells adopt only a relatively limited, discrete, 
and remarkably stable repertoire of molecularly distinct 
transcriptional states (7). These states are mechanistically 
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Figure 1.  N-of-1 study overview. A, Clinical characteristics, prior systemic treatment, and tumor genomic profiling (if available) for the seven subjects. 
B, Study conceptual diagram. I, Adults with advanced solid tumors with progression or intolerance to standard treatments are enrolled. Fresh biopsy tis-
sue is partitioned for clinical pathology review, RNA-seq, and xenografting into immunodeficient mice (PDX). Engrafted PDX tumors are also profiled by 
RNA-seq and VIPER to confirm fidelity to the patient-derived tumor (OncoMatch; see Methods). II, High-throughput drug screens have been completed 
in cognate cell lines with high fidelity to distinct cohorts of patient tumors based on recapitulation of MR protein activity (Bonferroni P < 10−10 by 
OncoMatch), collectively comprising the PanACEA database. Cells were perturbed at sublethal drug concentrations, and VIPER analysis of postpertur-
bation RNA-seq allows for de novo mechanism inference for each drug in each cellular context. III, VIPER analysis of the patient tumor identifies top 
MR proteins and drugs are predicted by two methods. First, individual activated druggable MR proteins, e.g., protein kinases and epigenetic regulatory 
enzymes, are identified (Bonferroni P < 10−5 by OncoTarget). Second, using the best matched cell line(s) in PanACEA, drugs are ranked based on their 
inverting effect on the top MR proteins, i.e., TCM-inverting drugs (Bonferroni P < 10−5 by OncoTreat). IV, Up to six predicted drugs are selected for experi-
mental validation, based on OncoTarget or OncoTreat P-value and a number of practical selection criteria. Mice from early PDX passages (usually P1) are 
randomized into candidate drug arms, negative control drug arms, and a vehicle control arm.

Regularory
network

(diagnostic &
prognostic)

...

In vivo validationS
u

rv
iv

al
 a

n
d

tu
m

o
r 

si
ze

D
ru

g
 e

ff
ec

t 
o

n
M

R
 a

ct
iv

it
y

Partial reversal Reversal NO EFFECT

IV.

Tumor type selection
Vehicle control–

treated

P
ro

te
in

 a
ct

iv
it

y

si
g

n
at

u
re

P
ro

te
in

 a
ct

iv
it

y

si
g

n
at

u
re

Drug-
treated

Clinically relevant drugs

Individual tumor sample
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I. III.
B

Drug perturbed cell lines
Optimal MR-matched cell line (OncoMatch)

Drug perturbation
RNA-seq profiles

GES: tumor vs.
TCGA average

Overexpressed
genes

Underexpressed
genes

. OncoTreat analysis

II.

A ID

GIST.81050 17 M White

BC.32398 48 F White

Gastrointestinal
stromal tumor

(GIST sarcoma)

Basal-like breast
invasive ductal
carcinoma (IDC)
(ER 0, PR 30%,
HER2 0, Ki-67
50%)

Age at
diagnosis

Sex Race Primary tumor/
histopathology

IV

III

Brain metastasis

Peritoneal
metastasis

Stage at
diagnosis

Biopsy site

Intraperitoneal mitomycin
Sunitinib × 1 cycle
Trametinib × 2 cycles
Regorafenib × 5 cycles
CB-839 (glutaminase inh) × 1 cycle *on a clinical trial
Pazopanib × 2 cycles

KRAS
CDKN2A
SDHB (splice site;
germline)
ZRSR2

PIK3CA
TP53 (×2 mutations)
ATM
NIPBL
SETD2
RPS6KB2
EPHB1 (×2 mutations)
FAM175A

Paclitaxel × 12 weeks + propanolol *on a clinical trial
Doxorubicin + cyclophosphamide × 4 cycles
Tamoxifen × 6 months
Leuprolide + anastrozole × 3 months

CAR.23659 83 F White Colon
adenocarcinoma,
microsatellite
stable

II Liver metastasis KRAS
ERBB2
APC
TP53
STAG1
RAD51C

Capecitabine + oxaliplatin × 3 cycles

BC.97359 57 F

F

F

African American Basal-like breast
IDC (ER 0, PR
40% HER2 0, Ki-
67 50%)

IIIA Chest wall
recurrence

AKT1
TP53

Doxorubicin + cyclophosphamide × 4 cycles
Paclitaxel × 12 weeks
Anastrazole

CNS.16474

PAC.05647

BC.50291

56

59

47

M White

White

White

Atypical
meningioma
(WHO grade II)
Pancreatic
adenocarcinoma
Basal-like breast
IDC (ER 0, PR
10% HER2 0 but
amplified by FISH,
Ki-67 60%)

Grade II

III

IV

Meningeal/brain
recurrence

Breast

Liver metastasis

Not available

Not available

No mutations identified
(limited breast cancer
specific panel)

Hydroxyurea (concurrent with gamma knife radiation)

5-FU + irinotecan + oxaliplatin (FOLFIRINOX) × 12 cycles
Gemcitabine + irinotecan + everolimus × 6 months
Nab-paclitaxel × 5 cycles
Glembatumumab vedotin × 2 cycles *on a clinical trial
Capecitabine × 3 months
Trastuzumab + Pertuzumab + Nab-paclitaxel × 3 cycles
Carboplatin + Gemcitabine × 5 months
Sacituzumab govitecan × 9 cycles *on a clinical trial

Prior systemic treatments Tumor genomics
(pathologic variants)

Individual biopsy
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Emerging efforts in precision oncology are largely predicated on 
the identification of ‘actionable’ oncogene mutations, whose 
pharmacological inhibition elicits oncogene addiction1. Despite 

initial successes and clinical deployment of this concept, several 
limitations have emerged2. First, multiple studies3 have shown that 
most adult malignancies lack actionable mutations or harbor muta-
tions either in non-druggable oncogenes (for example, RAS and 
MYC family proteins) or in genes of poorly characterized thera-
peutic value4. Moreover, while mutation-directed therapy often 
achieves a remarkable initial response, this is almost inevitably fol-
lowed by relapse and emergence of drug resistance5,6. Finally, analy-
sis of hundreds of cell lines and compounds shows that, with some 
exceptions—such as for BRAF, ERBB2, EGFR and ALK1 inhibi-
tors—mutations are poor predictors of drug sensitivity7. This is not 
entirely surprising, as drug sensitivity is a complex (dynamic, mul-
tifactorial, polygenic) phenotype. As such, there is urgent need for 
novel approaches that complement and extend oncogene addiction.

Recent results on the aberrant regulatory logic of cancer-related 
phenotypes have highlighted the existence of master regulator  

proteins, whose coordinated activity within tightly regulated modules 
(tumor checkpoints) is strictly necessary for tumor state initiation and 
maintenance8. Consistently, as shown in leukemia9, lymphoma10,11, glio-
blastoma12, prostate13,14, neuroblastoma15 and breast cancer16, genetic 
or pharmacological inhibition of master regulator proteins leads to 
tumor-checkpoint collapse and loss of tumor viability. Indeed, master 
regulators are highly enriched in essential10 and synthetic-lethal11–13,16 
proteins, thus representing a novel class of non-oncogene dependen-
cies17,18 and pharmacological targets. Their mechanistic role in tumor 
cell state maintenance results from their mechanistic transcriptional 
control of gene expression signatures (GES) representing the tumor 
cell’s transcriptional identity. Master regulator proteins can be effi-
ciently and systematically elucidated using the MARINa (Master 
Regulator Inference algorithm)12,19 and VIPER (Virtual Proteomics 
by Enriched Regulon analysis)20 algorithms—the latter allowing anal-
ysis on an individual sample basis, a prerequisite for precision oncol-
ogy applications. These algorithms were extensively validated11–13,16,21.

Thus, the rationale for this methodology (OncoTreat) is that 
small-molecule compounds capable of inducing tumor-checkpoint 

A precision oncology approach to the 
pharmacological targeting of mechanistic 
dependencies in neuroendocrine tumors
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We introduce and validate a new precision oncology framework for the systematic prioritization of drugs targeting mechanistic 
tumor dependencies in individual patients. Compounds are prioritized on the basis of their ability to invert the concerted activ-
ity of master regulator proteins that mechanistically regulate tumor cell state, as assessed from systematic drug perturbation 
assays. We validated the approach on a cohort of 212 gastroenteropancreatic neuroendocrine tumors (GEP-NETs), a rare malig-
nancy originating in the pancreas and gastrointestinal tract. The analysis identified several master regulator proteins, includ-
ing key regulators of neuroendocrine lineage progenitor state and immunoevasion, whose role as critical tumor dependencies 
was experimentally confirmed. Transcriptome analysis of GEP-NET-derived cells, perturbed with a library of 107 compounds, 
identified the HDAC class�I inhibitor entinostat as a potent inhibitor of master regulator activity for 42% of metastatic GEP-NET 
patients, abrogating tumor growth in vivo. This approach may thus complement current efforts in precision oncology.
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Summary

Fimepinostat (CUDC-907), a first-in-class oral small-molecule inhibitor of

histone deacetylase and phosphatidylinositol 3-kinase, demonstrated effi-

cacy in a phase 1 study of patients with relapsed/refractory (R/R) diffuse

large and high-grade B-cell lymphomas (DLBCL/HGBL), particularly those

with increased MYC protein expression and/or MYC gene rearrange-

ment/copy number gain (MYC-altered disease). Therefore, a phase 2 study

of fimepinostat was conducted in this patient population with 66 eligible

patients treated. The primary end-point of overall response (OR) rate for

patients with MYC-IHC ≥40% (n = 46) was 15%. Subsequently, explora-

tory pooled analyses were performed including patients treated on both the

phase 1 and 2 studies based upon the presence of MYC-altered disease as

well as a biomarker identified by Virtual Inference of Protein activity by

Enriched Regulon analysis (VIPER). For these patients with MYC-altered

disease (n = 63), the overall response (OR) rate was 22% with seven

responding patients remaining on treatment for approximately two years or

longer, and VIPER yielded a three-protein biomarker classification with

positive and negative predictive values of ≥85%. Prolonged durations of

response were achieved by patients with MYC-altered R/R DLBCL/HGBL

treated with single-agent fimepinostat. Combination therapies and/or

biomarker-based patient selection strategies may lead to higher response

rates in future clinical trials.

Keywords: diffuse large B-cell lymphoma, MYC, histone deacetylase inhibi-

tor, phosphatidylinositol 3-kinase inhibitor, biomarker.

Introduction

MYC is a human proto-oncogene which serves as a transcrip-

tion factor regulating the control of cellular activities,

particularly cell cycle activation.1,2 In diffuse large B-cell lym-

phoma (DLBCL) and high-grade B-cell lymphoma (HGBL),

described MYC abnormalities include rearrangement/translo-

cation and copy number gain/amplification which are
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included IHC staining of MYC (rabbit clone Y69) and BCL2

(mouse clone 124) as well as FISH with MYC (8q24) and

BCL6 (3q27) break-apart probes and BCL2 [t(14;18)] fusion

probe performed by NeoGenomics Laboratories, Inc (Fort

Myers, FL, USA), with positive cut-off values for MYC rear-

rangement (>10%), MYC copy number gain (>20%), BCL2

rearrangement (≥0�5%) and BCL6 rearrangement (>10%) as

defined per laboratory standard. Cell of origin was defined as

per Hans algorithm21 by local testing.

Patients were prospectively classified into three categories

based upon the presence or absence of MYC alterations.

Group A was characterized by the presence of MYC-R or

MYC-CN without MYC-IHC, Group B as MYC-IHC with or

without MYC-R and/or MYC-CN and Group C as no MYC

alterations identified by central testing or central testing

unable to be performed due to lack of adequate tissue.

The primary objective was to determine the OR rate for

Group B patients as per central radiographic review. Key sec-

ondary objectives were to determine the OR rate by local

radiographic review, complete response (CR) rate,

progression-free survival (PFS), overall survival (OS), disease

control (DC) rate and duration of response (DOR) for

Group B patients, determine the OR rate for Groups A and

C and to evaluate the incidence and severity of adverse

events (AE). Radiographic responses to treatment were made

according to the Revised Response Criteria for Malignant

Lymphoma.22 Disease progression could also be defined by

the investigator after consideration of clinical or laboratory

features in the absence of diagnostic imaging. Survival times

were estimated via the Kaplan–Meier method and 95% confi-

dence intervals (CI) calculated via the binomial exact

method. All statistical analyses were performed using Stata

version 13 (StataCorp, College Station, TX, USA). A clini-

cally meaningful OR rate was determined to be 30% with a

sample size of 100 patients enrolled in Group B. An interim

analysis was planned to occur when 50 patients had been

enrolled in Group B, of which at least 25 patients were con-

sidered evaluable per protocol, with the lower bound of the

95% CI for OR to exceed 10% in evaluable Group B patients

for the study to continue enrolment.

For the exploratory analysis of patients with MYC-altered

disease, included patients were those from the evaluable popu-

lation of the phase 1 protocol and the ITT population of the

phase 2 protocols with MYC alterations as defined by central

testing, or local testing in cases for which central testing for all

of the following MYC alterations was not performed.

For the exploratory analysis of protein-based classifiers,

RNASeq profiles from pre-treatment biopsies of 22 patients

enrolled in the phase 1 and 2 trials were generated by Illu-

mina sequencing. Protein activity was measured by VIPER

analysis, which converts tumour sample gene expression pro-

files into accurate protein activity profiles for approximately

6 213 regulatory proteins, based on the expression of their

transcriptional targets (DarwinHealth).23 Unlike raw gene

expression, VIPER-inferred protein activity is extremely

reproducible, and this methodology (DarwinOncoTarget algo-

rithm) has been approved by the NYS Department of Health

CLIA/CLEP Validation Unit as an offering in the category of

“Molecular and Cellular Tumour Markers for Oncology”24

and shown to be effective for biomarker discovery.25 The

activity of 6 213 regulatory proteins annotated as Transcrip-

tion Factors (GO:0003700, or GO:0004677 and GO:0030528

or GO:0045449) or co-Transcription Factors (GO:0003712 or

GO:0030528 or GO:0045449) or signaling proteins

(GO:0007165 and GO:0005622 or GO:0005886) in the Gene

Ontology26 was inferred by metaVIPER,27 using transcrip-

tional regulatory networks (interactomes) inferred by analysis

of a DLBCL and an acute myeloid leukemia (AML) cohorts

using the ARACNe algorithm.28 MetaVIPER is an extension

of the VIPER algorithm supporting integration of multiple

regulatory networks. A fimepinostat-sensitivity classifier was

generated by training a Neural Network29 using the top

k = 1, . . ., 10 most differentially active proteins between

responders and non-responders samples. The data set is

available in Gene Expression Omnibus accession GSE171806.

Results

Seventy patients were enrolled on the phase 2 protocol, with

four patients excluded from analysis due to never having

been dosed with fimepinostat (2) or lacking confirmation of

receipt of 2–4 lines of prior therapy (2), resulting in 66

patients included in the ITT population.

Baseline characteristics of the ITT population are

described in Table I. Response and survival outcomes are

described in Table II and are based upon local radiographic

review. The OR rate for Group B patients (n = 46) was 15%

(95% CI 6–29%) and the OR rate for all patients (n = 66)

was 12% (95% CI 5–22%). Of note, seven out of eight

responding patients were in Group B. Additionally, two

responding patients proceeded to autologous stem cell trans-

plantation. For all patients, the median time to response was

2�6 months.

Treatment-emergent adverse events (TEAE) occurring per

patient by highest grade experienced with a frequency of

≥10% are listed in Table III. Three patients experienced a

grade 5 TEAE: Guillain–Barr�e syndrome deemed unlikely

related to treatment in one patient, sepsis deemed not related

to treatment in one patient and tracheal obstruction deemed

not related to treatment in one patient. One patient discon-

tinued treatment due to grade 2 vomiting deemed related to

treatment.

Enrolment onto the phase 2 protocol was stopped in

August 2017 due to inconclusive efficacy as determined at

the time of interim analysis, at which point the OR rate for

evaluable Group B patients (n = 28) was 25% (95% CI 11–
45%). In addition, central radiographic review was not sub-

sequently performed.

For the exploratory analysis of patients with MYC-altered

disease in the phase 1 and 2 protocols, 63 patients were

Fimepinostat for R/R DLBCL/HGBL
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The strength of our analysis includes reporting of the lar-

gest known cohort of patients with multiply R/R DLBCL/

HGBL with MYC-altered disease who were treated single-

agent therapy prospectively on clinical trials, which is rele-

vant given available preclinical data which demonstrate that

HDAC and PI3K inhibition down-regulate activity of MYC.

Additionally, given that DLBCL/HGBL with MYC alterations

is both associated with a poor prognosis when treated with

standard therapies and is likely enriched for in those

patients with multiply R/R DLBCL/HGBL, this report of

well-tolerated oral agent with clinical activity in this

patient population is of interest to the lymphoma commu-

nity. The weaknesses of our analysis include a lack of test-

ing for MYC alterations in all patients treated in the phase

1 and 2 studies, as well as the small sample size of patients

without MYC-altered disease, which may affect the validity

of comparative statistical analyses based upon MYC alter-

ation status.

In conclusion, objective responses were observed in multi-

ply R/R DLBCL/HGBL patients treated with fimepinostat

monotherapy in the phase 2 setting, and an exploratory anal-

ysis of patients with MYC-altered disease treated with

fimepinostat in both the phase 1 and 2 setting revealed a

higher proportion of responses with prolonged durations of

response in this cohort. These findings support further inves-

tigation of fimepinostat in patients with MYC-altered

DLBCL/HGBL, with consideration of combination-based

therapies and additional exploration of predictive biomark-

ers, in hopes of allowing a greater proportion of patients to

derive clinical benefit from treatment with this agent.
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Fig 2. Leave-one-outcross-validation (LOO-CV) analysis for fimepinostat response biomarkers. (A) Heatmap showing the Virtual Inference of

Protein-activity by Enriched Regulon analysis (VIPER)-inferred activity for the three fimepinostat response Master Regulator (MR) proteins used

by the biomarkers (rows) for all samples. The clinical samples included in the analysis (columns) were rank-sorted based on the predicted likeli-

hood of response by the NN-biomarker (barplot above the heatmap), estimated using LOO-CV. Patients that responded to fimepinostat [com-

plete response (CR) and partial response (PR)] and patients that did not respond for fimepinostat [progressive disease (PD)] are shown in black

and white, respectively (Clinical benefit row). Patients with MYC-altered disease are indicated in black in the MYC-altered row. (B, C) receiver

operating characteristic (ROC) analysis for the LOO-CV performed on all samples (n = 22; B) and only on the MYC-altered samples (n = 16;

C). Area under the ROC curve (AUC) and its 95% confidence interval (CI) is shown inside each plot.
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