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Multiple Myeloma: The Disease, Its Therapy
and Prognosis

Myeloma is a plasma cell dyscrasia that
causes a constellation of disease manifestations
including osteolytic lesions due to osteoblast
inactivation and osteoclast-activation,
anemia and immunosuppression due to loss
of normal hematopoietic stem cell function,
and end organ damage due to monoclonal
immunoglobulin secretion.! The presence of
somatic hypermutations of the immunoglobulin
variable region genes in myeloma plasma cells
suggests that malignant transformation occurs
in a B cell that has traversed the germinal
centers of lymph nodes. However, the
hypoproliferative nature of myeloma has lead
to hypothesis that the bulk of the tumor arises
from a transformed B-cell with the capacity for
both self-renewal and production of terminally
differentiated progeny.**

The clinical course of patients requiring
therapy for myeloma varies markedly. Even
with tandem autotransplants yielding CR rates
in excess of 60%, survival ranges from a few
months to greater than 15 years. The extended
time of almost 2 years required for all eventual
candidate patients to achieve clinical CR and
the even longer time to achieve MRI-CR
strongly suggests enormous tumor cell
population heterogeneity in terms of drug
responsiveness/resistance.

Traditional prognostic factors such
as P2microglobulin (f2M), albumin, and
C-reactive protein (CRP) account for only 15
—20% of outcome heterogeneity. Abnormal
metaphase karyotypes, present in one third
of newly diagnosed patients and reflecting
stroma independence, have been consistently

associated with a rapidly fatal outcome so
that fewer than 10% of patients with these
abnormalities survive >5 years.

Recent advances in molecular
cytogenetics have identified primary
translocations involving the immunoglobulin
heavy chain locus at 14932 in 40% of
patients.> According to a consensus report of a
recent Paris workshop on myeloma genetics,
hyperdiploid and t(11;14)(q13,q32)-positive
myeloma are associated with a good prognosis
whereas non-hyperdiploidy, often associated
with translocations other than t(11;14) and
chromosome 13 deletion, imparts a strikingly
dismal prognosis.®

Gene Expression Profiling to Model the
Effectiveness of Tandem Autotransplantation
Jfor The Treatment of Myeloma

Gene expression profiling (GEP) has
emerged as powerful means of developing
risk-adapted prognostic models for leukemias
and lymphomas.”'* The highly variable
outcome in patients with multiple myeloma,
with very little of this variability being
accounted for by current laboratory tests,
prompted us to investigate if GEP could better
model event-free and overall survival in this
disease as well. We initiated GEP studies on
CD138-enriched (> 90% CD38+/CD45-)
plasma cells from bone marrow aspirates
taken from newly diagnosed myeloma
patients entering the Total Therapy 2 protocol
nearly 5 years ago. In addition to tandem
transplants with melphalan (200 mg/m?), Total
Therapy 2 also randomized patients upfront
to thalidomide or no thalidomide, provided
1 year of intensive consolidation therapy,
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and an additional year of dexamethasone
maintenance. Since beginning these studies
in early in 2000 we have performed GEP
on plasma cells from 350 consecutive
patients entering the trial using Affymetrix®
high-density oligonucleotide microarrays.

Unsupervised Hierarchical Clustering
of Global Gene Expression Patterns of
Pretreatment Myeloma Plasma Cells Defines
Biological and Clinical Subgroups
Unsupervised hierarchical cluster analysis
based on a set of 4,580 highly variable genes
from ~10,000 tested using the U95Av2
microarray, segregated 221 myelomas into
four discrete subgroups. These groups were
characterized by significant differences in
genetic features such as chromosome ploidy (P
<0.01), trisomy 11 (P <0.001) and 14q32 IGH
translocations (P < 0.01), as well as and clinical
parameters such as IgA isotype, albumin
(<3.5 g/dL), p2M (>4 mg/L), creatinine (>2
mg/d), MRI lesions (P < 0.05) and event-free
(P =0.002) and overall survival (P = 0.06). In
the current unsupervised hierarchical cluster
analysis we noted a nonrandom distribution
of spikes of common translocation partners
within the cluster-defined subgroups. The
data revealed that 26 of 30 CCNDI spikes
were clustered in one subgroup whereas 28
of 32 MMSET/FGFR3, 4 of 5 MAF and 3 of
4 MAFB spikes were all located in the same
cluster branch. CCNDI expression, either
low level expression and associated with
hyperdiploid karyotypes or spiked expression
linked to the t(11;14)(p13;q32) translocation
and normal karyotypes, defined two distinct
subgroups with relatively low risk for relapse.
Elevated expression of proliferation-associated
genes or MMSET/MAF/MAFB defined
two poor prognostic subgroups. The
MMSET/MAF/MAFB groups was more
frequently associated with hypodiploid
karyotypes, an IgA isotype, increased
incidence of 14q32 translocations by FISH,
and reduced incidence of MRI lesions whereas
the CCNDI spike group was significantly
associated with normal cytogenetics. We are
currently validating these findings using the
U133Plus2.0 data on 350 cases and will be
submitted as a full-length manuscript next

year. Taken together, our results highlight
the relationship between the transcriptome,
cytogenetics, and the biological and clinical
features of myeloma. These findings extend
and refine our previous gene expression
classification system and provide further
evidence that distinct molecular entities of
myeloma exist.
Cox Regression Modeling of Gene
Expression Patterns in Pretreatment Plasma
Cells Identifies Three Genes Associated with
Rapid Relapse

Because microarrays are not likely to
become routine clinical tests, comprehensive
global GEP studies will probably be used
to identify a small subset of genes whose
expression can be applied in the development
of robust risk-adapted patient stratification,
as has been recently done in lymphoma."
We used Cox regression modeling of gene
expression on EFS in our cohort of patients.
We used data from U95Av2 microarray
(~10,000) genes on 212 newly diagnosed
myeloma patients. The median follow-up time
at the time of this analysis was 20 months.
There were 34 events representing either
disease-specific death or progression/relapse.
EFS was modeled using standard prognostic
values as well as GEP using the Affymetrix
signal. A generalized estimate of R* was
obtained using the approach suggested by Cox
and Snell."* Gene expression values considered
were based on significance of univariate
association with EFS. The median signal call
was used as a cut point prior to modeling
inclusion. The 100 genes most significantly
associated with EFS based on the score
test were potential variables in multivariate
modeling. Using standard prognostic variables
only, the model that best fit disease-specific
EFS was FISH13 (chromosome 13 deletion
detected by fluorescence in situ hybridization
[FISH]) and the presence of chromosomal
abnormalities (CA).

Adjusting for CA and FISH13, three
genes: RAN, ZHX-2, and CHCIL, were
simultaneously significant, each at the 0.005
level. After adjustment for other model
variables, patients with high RAN expression
had increased risk of event, while patients with
high ZHX-2 or high CHCIL had decreased
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risk of event. After adjusting for these three
genes and each other, FISH13 patients had
an increased risk of event but those with CA
did not. R*for the FISH13 and CA model was
30%. The R?value for the RAN, ZHX-2, and
CHCIL model was 66%. It is important to
note that each of these genes has independent
prognostic influence so that the combined
overexpression of RAN, and loss of expression
of ZXH-2 and CHCIL represents a much more
powerful model that any other combination.

We next compared the EFS between a
high-risk entity (patients whose plasma cells
express RAN above median and ZHX-2 and
CHCIL below the median; n=45) and a low
risk entity (all remaining cases; n = 165). In
this population, there were 30 events in the
45 high-risk patients (66%) and 30 events in
the 165 low risk patients (18%) (P <.0001).
We next calculated the EFS based on the
combination of GEP risk groups and CA. EFS
rates were not significantly different between
high-risk and low-risk disease with and
without CA. However, high-risk and low-risk
disease groups were significantly different
irrespective of the presence of CA (P <.0001).
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