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Introduction
Despite significant progress in the treatment
of multiple myeloma (MM), not all patients
receive clinical benefit from available therapies.
Novel approaches to drug development are
needed to address the unmet medical need of
patients with high-risk or refractory/resistant
disease. Here, we describe application of a
reverse translational approach in MM to define
disease and patient subgroups by molecular
and clinical features, to identify novel targets,
and describe how these efforts may lead to
new therapies. Our approach was powered by
the results of a collaboration between large
MM centers and foundations to collect the
largest dataset with complete genomic and
clinical outcomes data from newly-diagnosed
MM patients for analysis by the Myeloma
Genome Project (MGP). The size of the dataset
enabled identification of new disease drivers
and prognostic segments and comprehensive
investigation of disease biology. Our long-term
goal of research in MM is to develop precision
medicines for treating the right patient, with
the right therapy, at the right dose, for the
right duration.

Reverse Translational Drug
Development and Precision Medicine
In the traditional “bench to bedside,” drug
development approach, a putative target
is typically identified from literature-based
@journprecmed

understanding of the target’s role in disease
biology. Once a target is chosen, there are
many steps to identify a clinic-ready chemical
or biological compound. The process starts
by identifying multiple hit compounds and
narrowing these to a few lead compounds
(Figure 1, top). Optimized leads (typically one or
two) are tested in preclinical models of efficacy
and safety to receive drug candidate nomination
and finally enter first-in-human clinical study to
establish pharmacology and toxicology profiles.1,2
The indication choice for the molecule is based
on evidence of clinical activity in patients. This
process has been successfully followed for most
therapies available today; however, the failure
rate of individual molecules is high (~1 in 15
oncology agents entering Phase 1 trials reaches
FDA approval).3,4
One challenge of this approach is the
uncertainty whether the efficacy/safety
observed in preclinical models will translate
to patients. Once the candidate drug enters
clinical trials its efficacy can be tested in
a particular patient population, where
unfortunately, up to 85% of drugs fail due to
intolerability or limited efficacy.5 In a complex
treatment landscape such as MM, the need
to establish a patient selection strategy,
the ability to match the right patient with
the right drug, has become more important.
With the traditional approach, patient
selection, if pursued at all, may not begin until

the therapy is in mid- or late-stage clinical
development. Despite recognition of the
challenges most pharmaceutical and biotech
companies have not fully explored alternative
strategies to overcome these limitations
and improve the odds of clinical, regulatory,
and commercial success. In MM, the focus
on developing improved or more intensive
combination strategies has helped improve
outcomes overall, but a new drug development
strategy for high-risk and resistant disease is yet
to be established.
In contrast to the traditional drug
development process, reverse translational drug
development starts from the patient.6 (Figure 1,
bottom) Initial research and discoveries are
based on patient samples, complemented
by validation in pre-clinical models, and
provide an opportunity to identify patient-,
disease-, and therapy-related biomarkers that
accelerate and increase the success rate of drug
development. Review of clinical development
success rates for investigational new drugs
suggest that programs with a biomarker-based
patient selection strategy are less likely to fail
in late stage development.3,7 While a reverse
translational approach is generally applicable,
we describe a specific example of this
approach with our efforts to define MM patient
populations with unmet needs, including those
at high risk of early progression or those who
relapse or are refractory to current therapies.
Journal of Precision Medicine  |  Volume 5   |  Issue 3  |  August 2019

FIELD NOTES

1

Progress vs Unmet Need in MM

FIELD NOTES

2

MM is the second most common hematologic
cancer in the United States, with over 32,000
new cases estimated for 2019.8 MM develops
from clonal expansion of malignant plasma
cells in the bone marrow which disrupt normal
function and lead to symptoms such as anemia,
bone pain, infection, and renal impairment.9
There has been tremendous improvement in
overall survival (OS) of patients with MM due
to multiple approvals of effective therapies
(see therapies listed by mechanism of action
in Table 1). This benefit can be seen from
improvement since the chemotherapy era to
today (median OS 23 mo vs 72 mo, Figure 2).10,11
Although OS of newly-diagnosed MM (ndMM)
patients has increased, those with high-risk
disease have not received the same clinical
benefit from available therapies.12 There has
been significant focus on trying to overcome the
poor outcomes of high-risk patients using riskadjusted therapy.
The original International Staging System
(ISS) for MM risk stratified patients based
upon high serum ß2-microglobulin (ß2M)
and low serum albumin which allowed
splitting patients into 3 groups with differing
outcome, where ISS3 patients have poorest
prognosis.13 Approaches to define and identify
high‑risk patients have improved, however, the
population of “high-risk” patients still varies
in size and characteristics due to differing
definitions and methodologies. Several diseaseand patient-related risk factors have been
described in MM, as well as multiple prognostic
gene expression signatures (eg, GEP70, EMC92,
IFM15, MRC6)14-23 and new signatures are
being developed.24
In addition to the clinical features that

Figure 1: Traditional Vs Reverse Translational Drug Development Process
The process for traditional “bench to bedside” drug development (top) versus reverse translational development (bottom).

What is Reverse Translational
Drug Development?
Reverse translation inverts the traditional drug
development process by starting with analysis of patient
samples and data, instead of pre-clinical models, to
identify disease drivers and potential therapeutic targets.

comprise the ISS, chromosomal abnormalities
were also linked to poor outcome in MM.
These include translocations (rearrangements
that connect a region of one chromosome
to another) which place oncogenes under
the control of the immunoglobulin heavy
chain promoter,25-28 and copy number changes
(chromosomal gains/losses). In particular,
deletion of chromosome 17p (del17p) and
gain/amplification of 1q have been
associated with poor outcome.28,29 The
ISS was recently updated (revised ISS
[R-ISS]) to include presence of del17p,
translocation (4;14), and translocation (14;16)
detected by interphase fluorescence in situ
hybridization (iFISH) as new components

Table 1: Available Therapies for the Treatment of Multiple Myeloma in the United States*
Immunomodulatory
Agents

Proteasome
Inhibitors

Antibodies

Steroids

HDAC**
Inhibitor

Revlimid®
(lenalidomide)

Velcade®
(bortezomib)

Empliciti®
(elotuzumab)

Cadron®
(dexamethasone)

Farydak®
(panobinostat)

Pomalyst®
(pomalidomide)

Kyprolis®
(carfilzomib)

Darzalex®
(daratumumab)

Deltasone®
(prednisone)

Thalomid®
(thalidomide)

Ninlaro®
(ixazomib)

Xgeva®
(denosumab)

Chemotherapy
Doxil®
(liposomal
doxorubicin)
Evomela®
(melphalan)
Cytoxan®
(cyclophosphamide)
Adriamycin®
(doxorubicin)
Treanda®
(bendamustine)
Oncovin®
(vincristine)

* Available therapies for the treatment of MM listed by mechanism of action56,57
** HDAC = histone deacetylase

Journal of Precision Medicine  |  Volume 5   |  Issue 3  |  August 2019

for determining R-ISS3.14 In addition to
disease‑associated features, there are also
patient- and treatment-related features that
contribute to poor clinical outcome including
comorbidities, frailty, minimal benefit from
therapy, as well as new molecularly-defined
high-risk patient groups (Double Hit, high-risk
del17p) (Figure 3).
Despite continued efforts to identify high‑risk
MM patients, there is no agreed upon definition,
uniform application, nor interpretation of
high-risk markers used in the clinic. High-risk
cytogenetic features (translocations, copy
number changes) identified by iFISH have
been a cornerstone of traditional risk criteria.
However, variations in method, threshold
(discussed below), and interpretation of the
results, contribute to heterogeneity in risk
assessment within a population of patients
that were considered positive for a given
abnormality.14,19,28 Further, some high-risk features
such as mutations of TP53 and increased copy
number of chromosome 1q were not factored
into the R-ISS.
The variety of high-risk definitions being
used in clinical trials today have been recently
summarized.28 Taken together, this lack of
uniform definition of high-risk has created
challenges for reliably identifying high-risk
patients, investigating their biology, interpreting
therapeutic benefits between studies, and
testing novel therapies that may provide clinical
benefit for these patients. We established the
Myeloma Genome Project (MGP), a global
collaborative initiative focused on:
1) identifying uniform biomarker-defined,
high‑risk patient segments;
2) establishing a molecular classification
for MM;
3) performing large-scale analysis of the
genomic landscape of ndMM and relapsed/
refractory MM (rrMM) including markers of
therapeutic resistance, and
thejournalofprecisionmedicine.com

Helping enable
diagnostics and
therapeutics for
precision medicine

Our industry-leading capabilities,
application expertise, and global scale
help enable science and health care
innovators propel a revolution in
prevention, diagnosis, and treatment.

Accelerate the pursuit at
thermofisher.com/precisionmedicine
@journprecmed
© 2019 Thermo Fisher Scientific Inc. All rights reserved. COL08775 0219

Journal of Precision Medicine  |  Volume 5   |  Issue 3  |  August 2019

4) comprehensive immune profiling of ndMM
and rrMM patients (not discussed here).
These large datasets enable better
understanding of the key determinants
of disease and resistance, identification of
molecularly-defined patient and disease
segments, and a drug development approach
that contrasts the current approach.

Identification of Molecularlydefined High-risk Patient
Segments in MM
Double Hit Myeloma
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Historically, one barrier to identification of
molecularly-defined patient segments in
MM has been limited samples and small
datasets. Unlike solid tumors or leukemias,
MM cells reside in the bone marrow. Even
large-scale cancer genomic initiatives like
The Cancer Genome Atlas from The National
Cancer Institute which profiled >20,000
samples from 33 tumor types did not include
MM. The MGP collected the largest dataset
of complete clinical outcomes and genomic
data from ndMM patients which were then
processed with a uniform computation pipeline
to determine significant genomic changes
(gains/losses of chromosomes, mutations,
and translocations) and allow integration of
the data.
To that end, a completely analyzed dataset
of 1273 patients was used to describe
the landscape of DNA-based genomic
abnormalities, including novel oncogenic
drivers, tumor suppressors, and their
interdependencies.30 To investigate molecular
features associated with poor clinical outcome,
a subset analysis was performed on patients
with complete genomic and clinical outcomes

Figure 2: Overall Survival Gains and Treatment Advances in Multiple Myeloma
Median overall survival (OS) in months over time (years). Timing of regulatory approvals of therapies in the United States are
indicated with logos. Historical median OS for multiple myeloma patients based on analysis of the National Cancer Institute
Surveillance, Epidemiology, and End Results Program. Predictive analysis of OS was modelled using data from clinical trials,
cancer registries, and insight from key opinion leaders. Auto SCT = autologous stem cell transplant. Allo SCT = allogeneic stem cell
transplant. Figure courtesy of Amar Drawid, Celgene Corporation.10

data (n=784 , from 1273). Features significantly
associated with progression free survival (PFS)
were identified and used to identify patient
segments with differing risk.31 The group with
the shortest PFS, were named Double Hit MM
and defined by either:
1) biallelic inactivation (deletion and
mutation in the two alleles) of the tumor
suppressor p53, or
2) amplification (≥4 copies) of chromosome
1q on a background of high disease
stage (ISS3).
Double Hit MM patients have a median PFS of
15.4 months and median OS of 20.7 months
(see Figure 4 A, B). The presence, prevalence,
and clinical outcomes of Double Hit MM was
validated in several independent datasets
indicating that these patients have poor
outcome despite a variety of standard of care
/ intensive treatment regimens.31 For example,

Figure 3: High-Risk Features in Multiple Myeloma
Graphical representation of molecular-, clinical-, patient-, and treatment-related high-risk features and groups in multiple
myeloma (MM). Patients with MM may have one, or more than one, high-risk feature, which may change over the course
of the disease and treatment. %PCs = percentage of plasma cells in the bone marrow. β2M = beta-2-microglobulin. LDH =
lactate dehydrogenase.
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Ashby et al validated the Double Hit population
in a Total Therapy dataset (N=199), and both
Bolli and Thanendrarajan showed that biallelic
inactivation of TP53 (N=418 and N=747)
resulted in poorer outcome versus patients
with monoallelic inactivation (mutation or
deletion alone).32-35 Of highest importance, the
Double Hit population identifies patients who
are at high‑risk of early progression/death
who otherwise would have been considered
standard- or intermediate-risk by traditional
risk criteria and may have been undertreated
as a result.31

High-risk Del17p
Del17p had been previously identified as a
marker of poor prognosis. However, determining
the optimal threshold, defined as the percentage
of tumor cells positive (also known as cancer
clonal fraction [CCF]), for cytogenetic
abnormalities by iFISH has been one source of
heterogeneity. Some groups had proposed that
a patient should have ~60% cells positive for the
deletion in order to be considered in the del17p
subgroup; however, others used a much lower
threshold (a single positive cell to 20% positive
cells) to consider patients as having del17p.34-44
There is at least one example of a Phase 3
clinical trial where there was no threshold given
for calling del17p – if any single cell was positive
for the abnormality, the patient was included in
the del17p group.37 Almost all studies were small
and lacked the statistical power to provide a
comprehensive analysis of del17p patients.
To address these challenges, we analyzed
large iFISH and genomic datasets and
systematically evaluated the association of CCF
to OS in ndMM patients. Patients with greater
than 55% positive cells (CCF >0.55) had shortest
thejournalofprecisionmedicine.com
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Source C&D: Adapted from
Thakurta et al. Blood. 2019;
133:1217-21. Figure 1A and B
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Figure 4: Molecularly-defined High-risk Newly Diagnosed Multiple Myeloma Patient Segments
Clinical outcomes of two molecularly-defined high risk groups in MM: Double Hit MM (A and B) and high-risk del17p (C and D).
A) Progression free survival (PFS) of Double Hit (blue) compared to intermediate-risk (red) and low-risk (green). B) As for A) except
overall survival (OS). C) PFS of high-risk del17p (CCF> 0.55, blue) versus patients with del17p CCF ≤0.55 (red) in the discovery dataset
from patients treated in IFM studies. D) As for C) except OS. IFM = Intergroupe Francophone du Myelome. Data reprinted with
permission as indicated.

OS, which was validated in an independent
dataset.45 We found strong evidence that
patients with high CCF del17p have highest risk
of poor clinical outcome, with a median PFS
and OS of only 14 and 32 months as compared
to the low CCF group which had PFS of 23.1
months and OS of 76.2 months (Figure 4C, D).45

Molecular Classification of
Multiple Myeloma
Identification of biomarker-defined patient
segments as described above will allow
improved identification of high-risk patients to
help guide treatment decisions with therapeutic
agents available today. Without a better

Predictive vs
Prognostic Biomarkers
Prognostic: Biomarker used to identify the likelihood of a
clinical event or outcome (eg, disease progression). These
biomarkers are not associated with any specific treatment,
but rather identify outcome regardless of therapy received.
Predictive: Biomarker used to identify patients who are
more likely to have a favorable or unfavorable outcome
versus patients who do not have the biomarker. These
biomarkers are associated with a specific treatment.
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understanding of the biological features that
drive clinical outcomes, however, effective
therapies to target these drivers could not be
developed. To date, genomic analyses of MM
patients have centered either on DNA-based
variants, or separately, gene expression studies.
In other cancers, an integrated analysis of DNA
and RNA-based features and clinical data
have been performed to define a molecular
classification of disease, however this has
never been described for MM.46-51 In order to
understand the biology of high-risk disease in
a more comprehensive manner, we performed
the first integrative molecular analysis of MM
that included data from copy number changes,
structural variants, mutations, gene expression,
and clinical features from 514 patients
at diagnosis.52
By integrating these data types and applying
unsupervised clustering methodologies, we
were able to identify 12 distinct biological
subtypes of MM. Known features such as
del17p, amp1q, biallelic inactivation of TP53,
and others that have been associated with
poor prognosis are useful markers to identify
high-risk patients, but the underlying biological
mechanisms that lead to the aggressive tumor

phenotype are not well described. Indeed, we
discovered that these previously-described
high-risk features did not necessarily cluster
together, but instead were often distributed
across several clusters. This finding is important
because for the first time, this dataset provides
an opportunity to dissect the biology between
a “high-risk” patient with a given abnormality
vs one that is “intermediate/standard risk” with
that same abnormality – a phenomena that has
been observed in the clinic. Thus, additional
biomarkers beyond the genetic markers
would be required to accurately identify
high‑risk patients.
When the clinical outcomes of these 12
disease segments were explored, differing
clinical outcomes were observed with one
group having very short PFS (median 15 mo).
Computational analysis of this high-risk disease
segment identified several novel driver genes,
biological pathways, and cellular processes that
appear to underlie the high-risk biology of these
patients which will be described in a separate
publication.52 Identification and validation of
the true drivers of high-risk biology in the
ndMM setting provides an exciting opportunity
to target those features with novel agents
either alone or in combination with proven
anti-MM agents. Together, these analyses
may provide an opportunity to target distinct
biologically‑defined segments of the disease.
Additionally, these identified features (those
driving high-risk biology) may provide a path
toward development of targeted therapeutic
agents for treatment of MM patients.

Biomarkers of Therapeutic Resistance
Despite early intervention and treatment, MM
remains an incurable disease. Almost all patients
will eventually relapse and become refractory
to therapy.53 Relapsed/refractory MM patients
are commonly defined by clinical features
(e.g., age, disease stage, prior treatments,
comorbidities) and risk assessments (iFISH
from time of diagnosis) that influence treatment
selection, followed by monitoring for clinical
response to therapy. In this scenario, some
patients will receive clinical benefit, while
other patients unfortunately will not. Unlike
other malignancies, targeted therapies (e.g.,
inhibitors against BRAF mutations in melanoma)
have not been implemented in MM, despite
increasing knowledge of the mechanisms
of resistance in MM and models/methods
for identifying them.54 A recent clinical trial is
addressing this question by matching therapies
to patients based on mutational profiles
(Multiple Myeloma Research Foundation’s
thejournalofprecisionmedicine.com

Figure 5: Process for Identifying and Validating a Predictive Biomarker-Defined Patient Population
Three stages are illustrated. In stage 1, “Treatment X” is tested in a traditional, clinically-defined patient population where some patients receive clinical benefit (purple and blue) while others do not
(red and orange). Biomarkers from the patients who did not befit from Treatment X are identified and retrospectively tested in stage 2. In stage 2, some patients (orange) who were predicted to be
resistant to Treatment X (from stage 1), receive benefit from Treatment Y. Other patients who would have benefitted from Treatment X also benefit from Y (purple and blue) while some patients may not
benefit from Y (red) and remain an unmet medical need population. In stage 3, a prospective study to test Treatment Y in the biomarker-defined population (orange) can be conducted.

MyDRUG study; see https://clinicaltrials.gov/ct2/
show/NCT03732703?term=mydrug&rank=1).
Until now, the treatment approach in MM has
largely focused on combination therapy where
individual therapies may be replaced based upon
clinical benefit or early signs of progression.
Understanding the biology of rrMM is even more
challenging than at diagnosis due to the vast
heterogeneity of this patient population, the
complex treatment landscape, and multitude
of combination regimens routinely used in
the clinic.53-56
In addition to prognostic biomarkers
described above, reverse translation provides
an opportunity to identify predictive biomarkers
of therapeutic resistance that is, identify
a biomarker that can predict the clinical
outcome to a specific treatment before the
patient receives an ineffective treatment. By
first identifying resistant biology in patients
and then designing new therapies or novel
combination regimens to target resistant
biology, we increase the likelihood of finding new
treatments directly targeting resistant MM cells.
By using updated biomarkers and diagnostic
assays, clinical trials can be designed to validate
a clear patient selection strategy for these new
agents. This approach could enable physicians
@journprecmed

“Of highest importance,
the Double Hit population
identifies patients who
are at high-risk of early
progression/death who
otherwise would have
been considered standardor intermediate-risk by
traditional risk criteria
and may have been
undertreated as a result”

to tailor their treatment decisions and avoid
therapies that are unlikely to be effective for
that individual.
The complex process of identifying predictive
biomarkers of resistance to a given therapy
for clinical applications starts by analyzing
samples and data from patients that did
not benefit from that therapy, followed by

validation of that biomarker in independent
datasets (see Treatment X in Figure 5, stage
1). Once validated resistance biomarker(s) for
Treatment X are available, then retrospective
analyses can be conducted to determine if
patients predicted to be resistant to Treatment
X would receive clinical benefit to Treatment
Y, a new investigational agent/combination
(Figure 5, stage 2). Only following a positive
signal that Treatment Y might be effective in
predicted-Treatment X resistant patients, would
a prospective randomized Phase 2/3 clinical
study be conducted for a stringent assessment
of the clinical utility of Treatment Y in patients
predicted to be resistant to Treatment X
(Figure 5, stage 3). At this stage, a companion
diagnostic test would be needed to identify
the patients entering any new trial. While
this multi‑step process may be complex, the
potential to identify biomarkers of resistance
and better tailor treatment decisions provides
another opportunity to improve patient
outcomes (particularly for complex cases like
rrMM). These biomarker-driven strategies would
be valuable both to physicians to inform their
treatment decisions and to drug developers
for differentiation and patient selection for
new drugs.
Journal of Precision Medicine  |  Volume 5   |  Issue 3  |  August 2019
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Driving Precision Medicine in MM
We reason that Double Hit and high-CCF
del17p are examples of the right patients for
consideration for risk-adapted therapy or
clinical trials and can be identified from the time
of diagnosis.31,45 In the complex rrMM setting,
we need to identify predictive biomarkers of
resistance to help choose the right drug for
patients who are unlikely to benefit from current
therapies. Third, we are focusing on identifying
the right targets through integrative genomic
analysis of patient data to discover the biological

drivers of high-risk disease. We believe that
by employing this approach, the right patient,
the right indication, and the right candidate
drug would be defined earlier in development,
thereby increasing the likelihood of approval
and providing an opportunity to address unmet
medical need.
We should note that there are significant
challenges to the reverse translational
approach described here. The major ones
include access to large patient-derived
datasets with mature clinical data, and the
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