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The remarkable genetic heterogeneity of multiple myeloma poses a substantial challenge for proper prognostica-
tion and clinical management of patients. Here, we introduce MM-PSN, the first multiomics patient similarity
network of myeloma. MM-PSN enabled accurate dissection of the genetic and molecular landscape of the dis-
ease and determined 12 distinct subgroups defined by five data types generated from genomic and transcriptomic
profiling of 655 patients. MM-PSN identified patient subgroups not previously described defined by specific
patterns of alterations, enriched for specific gene vulnerabilities, and associated with potential therapeutic options.
Our analysis revealed that co-occurrence of t(4;14) and 1q gain identified patients at significantly higher risk of
relapse and shorter survival as compared to t(4;14) as a single lesion. Furthermore, our results show that 1q gain is
the most important single lesion conferring high risk of relapse and that it can improve on the current International

Staging Systems (ISS and R-ISS).

INTRODUCTION

Multiple myeloma (MM) is a mostly incurable malignancy of bone
marrow terminally differentiated plasma cells, affecting more than
30,000 patients each year in the United States, with a median survival
of approximately 6 years (I). While most patients initially respond
to standard-of-care treatment, most relapse and become refractory
as they undergo multiple lines of therapy. In particular, about 15%
of patients fall in the high-risk category and typically relapse within
2 years from diagnosis (2). MM is characterized by remarkable clin-
ical and genomic heterogeneity (3). Recent studies based on next-
generation sequencing have revealed complex patterns of primary
and secondary genetic alterations across patients (4, 5), and novel
precision medicine approaches, where treatment is guided by the
genomic profile of the individual patient, are being tested in trials
(6, 7). Accurate classification of patients with MM into biologically
homogeneous classes is thus essential for diagnosis, prognosis, and
clinical management.

Several classifications of MM based on gene expression have
been proposed in the past two decades. The TC (translocation/
cyclin D) classification included eight groups characterized by dif-
ferent chromosomal translocations and the up-regulation of the
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cyclin D genes CCNDI and CCND3 (8). The UAMS (University of
Arkansas for Medical Sciences) classification, based on unsuper-
vised clustering of gene expression data, proposed seven clusters
in part overlapping the TC classes and enriched for clinically rele-
vant features and differential response to therapy (9). A further
refinement was proposed by the HOVON Dutch-Belgium Hemato-
Oncology Cooperative Group study group, which consisted of six
of the UAMS classes and four novel classes enriched for activation
of specific genes such as NFkB (nuclear factor kB) and PRL3
(protein-tyrosine phosphatase of regenerating liver 3) and a myeloid
signature (10).

Our recent network model of newly diagnosed MM based on gene
coexpression, MMNet, revealed a clear molecular separation between
patients with immunoglobulin (Ig) translocations and hyperdiploidy
and identified three novel subtypes characterized by cytokine sig-
naling (CK), immune signatures (IMM), and MYC translocations
(MYC) (11). Another study investigated novel MM subtypes based
on a targeted DNA panel (12). The analysis revealed a large cluster
comprising most hyperdiploidy (HD) and IgH-translocated patients
and two smaller clusters, one enriched for IgH translocations and
high number of copy number alterations (CNAs) and one mostly
composed of patients with HD, with the fewest CNAs and muta-
tions. Other recent works have described novel approaches to clas-
sification of patients with MM based on DNA alterations (13, 14).
However, currently, no classification of MM accounts for both ge-
nomic and transcriptomic abnormalities, and the different results
obtained from different data types, e.g., DNA versus RNA, suggest
that a more holistic approach including different omics might fur-
ther improve patient classification and reveal biologically and clini-
cally informative subtypes of the disease.

Recently, patient similarity networks (PSNs) have emerged as a
powerful tool to capture and structure the complexity and diversity
of clinical, genetic, and molecular information across a patient pop-
ulation (15). In a PSN, patients are represented as nodes, much like
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in a social network, and connected with one another based on how
similar their genomic and transcriptomic profiles are. The network
structure enables effective identification of communities of highly
similar patients, allowing a more comprehensive classification than
other approaches based on a single measurement. PSNs have been
successfully used to dissect the genomic and molecular complexity
of several cancers, including medulloblastoma, glioblastoma multi-
forme, pancreatic ductal adenocarcinoma, and metastatic colorectal
cancer (16-19).

In this study, we generated MM-PSN, the first PSN of newly di-
agnosed MM based on multiomics data from the MMRF (Multiple
Myeloma Research Foundation) CoMMpass study (20). Clustering
of MM-PSN identified 12 subgroups, revealing novel insights into
the co-occurrence of primary translocation events such as t(4;14)-
MMSET (multiple myeloma SET domain) and secondary adverse
lesions such as gain of 1q and whole-arm deletions of 16q and 17p,
which harbors the tumor suppressor TP53.

RESULTS
Multiomics PSN of newly diagnosed MM reveals greater
genetic and molecular heterogeneity than current
classifications
We generated MM-PSN, a multiomics PSN based on whole-exome
sequencing (WES), whole-genome sequencing (WGS), and RNA
sequencing (RNA-seq) data from 655 tumor samples from newly
diagnosed patients with MM enrolled in the MMRF CoMMpass
study, using the similarity network fusion (SNF) method (see Table 1
for summary patient characteristics) (17). In MM-PSN, each node
represents a patient, and connecting edges represent similarity on
the basis of multiple data types. In particular, for each sample,
we used (i) gene expression and (ii) gene fusion data from RNA-seq,
(iii) somatic single-nucleotide variations (SNVs) from WES, (iv) CNAs
(focal and broad), and (v) translocation calls from WGS (Fig. 1, A and B).
Translocations and CNAs provided the strongest contribution to
MM-PSN, followed by gene expression, gene fusions, and SNVs
(Fig. 1C). We then applied spectral clustering to determine groups
of highly similar patients sharing features across the five data types.
Our evaluation of the network using eigengap and rotation cost
suggested 3 as the optimal number of clusters (Fig. 1D; see Methods
for further details). Differential feature analysis revealed that the
three clusters were enriched for (i) HD and the t(8;14) translocation of
MYC (tMYCQ), (ii) translocations t(4;14) of MMSET/FGFR3 (tMMSET)
and t(14;16) of MAF (tMAF), and (iii) translocation t(11;14) of CCNDI
(tCCND1), respectively (Fig. 1, A and E). We labeled each group on
the basis of these features. Group 1 (HD) included »n = 357 patients
(54.5%) and was further enriched for mutations in NRAS and an
LSAMP:RPL18 gene fusion. Group 2 (tMMSET/tMAF) included
n = 166 patients (25.3%) and was enriched for mutations in FGFR3,
DIS3, and MAX. Group 3 (tCCND1) included n = 132 patients
(20.15%) and was enriched for mutations in CCNDI and NRAS (see
Methods and Supplementary Materials for details and statistics). To
further dissect intragroup heterogeneity, we reapplied spectral clus-
tering within each group, determining a total of 12 subgroups
(Fig.1, B and E). Table 2 provides a summary of the most relevant
features enriched in each group and subgroups. The complete data
are given in tables S1 to S22.

Group 1 was composed of four subgroups. Subgroups 1a (n = 100;
28%), 1b (n = 105; 29.4%), and 1c (n = 103; 28.9%) were mostly
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Table 1. Patient cohort description and demographics. N/A, Not
Available.

Characteristic Value
No. of patients 655
Age 63 (31-93)
Gender
M 382 (50.1%)
F 218 (33.3%)
N/A 109 (16.6%)
Ethnicity
White 420 (64.1%)
Black or African American 83 (12.7%)
Asian 12 (1.8%)
Filipino 1 (0.2%)
Honduras 1 (0.2%)
Middle Eastern 1(0.2%)
N/A 137 (20.9%)
Disease stage (ISS)
| 128 (19.5%)
] 339 (51.8%)
I} 63 (9.6%)
N/A 125 (19.1%)
Translocations
MMSET 88 (13.4%)
CCND3 9(1.4%)
MyC 97 (14.8%)
MAFA 4 (0.6%)
CCND1 126 (19.2%)
CCND2 6 (0.9%)
MAF 27 (4.1%)
MAFB 10 (1.5%)
None 307 (46.9%)
Multiple* 19 (2.9%)
Disease status
PFS <1 year 225 (34.4%)
PFS < 2years 365 (55.7%)

*CCND1 + MYC: 5; CCND2 + MYC: 2; MAF + MYC: 5; MAFB + MYC: 2;
MMSET + MAF: 1; MMSET + MYC: 4.

characterized by HD with differences in gain of chromosomes 7
and 11, which were almost not detected in subgroups la and I,
respectively. Subgroups 1b, 1c, and 1d were enriched for tMYC,
which was virtually absent in subgroup 1a. In addition, subgroup 1c
was significantly enriched for the fusion HLA-C:IGHA1, gain(1q)
and del(13q), and had a significantly higher number of female and
older patients [chi-square adjusted P (P,gj) < 0.001]. Subgroup 1d
(n=49; 13.7%) had a weaker HD signal and was significantly enriched
for multiple chromosome deletions instead, including del(1p), del(8p),
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Fig. 1. Network generation and identification of groups and subgroups. (A) Somatic genetic variants and transcriptomic features from WES, WGS, and RNA-seq data
from 655 patients in the MMRF CoMMpass study was used to generate an MM-PSN using the SNF approach. Edges connecting patients in the network represent similar-
ity based on one or more feature type (e.g., orange edges in the sample network represent similarity based on SNVs and magenta edges represent similarity based on all
the types of features). Spectral clustering was used to identify patient groups and then reapplied to identify subgroups enriched for specific features. (B) Representation
of MM-PSN where nodes (patients) are colored according to the three main groups identified by spectral clustering. (C) The plot shows the contribution of the different
data types to the fused matrix, in terms of normalized mutual information (NMI). (D) Eigen gap (maximum) and rotation cost (minimum) were used to determine 3 as the
optimal number of clusters. (E) Overview of MM-PSN patient groups and subgroups. The heatmap shows characterization of the three main groups and 12 subgroups of
MM-PSN based on their enrichment for the different genomic and transcriptomic features. GSS, genomic scar score.

del(17p), del(14q), del(16q), and del(13q). Genes overexpressed in
group 1 included FRZB, KIT, and TNF in subgroup 1a; PIK3R3 and
MYC in subgroup 1b; GRM3, MAGEA3, and GDA in subgroup lc¢;
and EREG and LAMC3 in subgroup 1d.

Group 2 was composed of five subgroups. Subgroups 2a (n = 38;
22.9%), 2d (n = 24; 14.5%), and 2e (n = 40; 24.1%) were enriched for
the tMMSET, while subgroup 2b (n = 36; 21.7%) was enriched for
translocations of MAF (tMAF, tMAF-A, and tMAF-B). Subgroup
2a was also enriched for mutations in PRKD2 (protein kinase D2),
subgroup 2b had a significantly higher number of female patients
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(chi-square P,g; < 0.1), along with subgroup 1c, and was enriched
for the IGKJ5:ITGB7 gene fusion and del(16q), and subgroups 2d
and 2e were enriched for mutations in FGFR3 (fibroblast growth
factor receptor 3). Del(13q) was observed in all five subgroups,
while gain(1q) was significantly enriched in all subgroups with the
exception of 2a. Of note, subgroup 2d was also enriched for gain of
15q and showed additional HD features, such as gain of chromo-
somes 3 and 19. Subgroup 2¢ (n = 28; 16.9%) was the only subgroup
in group 2 without any translocation and was mainly character-
ized by gain(1q), del(14q), and mutations in tumor necrosis factor
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Table 2. Summary of the MM-PSN subgroups. DE, differentially expressed. The symbols 1 and | indicate positive and negative enrichment in column 3
(Selected enriching features) and up- and down-regulated genes in column 5 (Selected DE genes), respectively. AKTi, AKT inhibitor.

Group/Subgroup size (n) Selec:ed enriching gnFescjlgr; Selected DE Selected enriched Selectgd drug Selgcted
‘eatures (days) genes pathways candidates essential genes
1: HD 357 HD; mutations in NRAS; 1094; N/A - Inflammation and - -
AC092691.1:LSAMP, immune evasion
CEP164P1:RPS19, and
TPM4:SIK1 fusions
1a: HD/-7~ 100 HD with no gain of 1082; N/A  TNF1, H191, Interferon signaling, Carboplatin + APOC1, EBF1,
chromosome 7; KITT, ERZBT, CDA40 signaling, IL12 paclitaxel + MYT1L, PAX5
TPM4:SIK1 fusion; ASS1|, and IL18 signaling, sorafenib,
mutational signatures: ETV4] JAK2 targets, DNA palbociclib,
SBS1 (clock-like) 1; low repair, cell cycle NOTCH1
clonal complexity antibody,
vandetanib +
everolimus,
dinaciclib +
AKTi
1b: HD/tMYC 105 HD with MYC 1297;N/A  FAS|,PIK3R3t, Unfolded protein Onartuzumab, CCDC78, HOXC4,
translocation; TIMP1], response, DNA crizotinib, TMEM121,
mutations in NRAS; AHR|, repair, MET palbociclib, MYC
mutational signatures: CCR51, IL4R| signaling, PI3K-AKT cetuximab,
SBS1 (clock-like)1; activation by MET, pictilisib,
SBS2 and SBS13 MYC targets, ATR alpelisib,
(APOBECQ)| signaling, TRAIL taselisib,
signaling NOTCH1
antibody,
Nutlin-3,
vandetabib +
everolimus,
sorafenib
1c: HD/tMYC/1q* 103 HD with MYC 677;N/A  GRM31,GDA?T, IL27 signaling, MYC NOTCH1 CCND2, CALCB,
translocation and 1q FLT3], CKBT targets, MET antibody, CST6, MYT1L
gain age > 65 years signaling, MAPK1 onartuzumab,
old; higher number of activation, IRF4 crizotinib,
female patients targets dinaciclib +
AKTI,
vandetanib +
everolimus
1d: MultiDel 49 Multiple chromosome 1240; EREGY, Down-regulation of Irinotecan, CCND2, KRT7
deletions including 1777 LAMC31, interferon response, pictilisib
1p, 17,4p, 49, 8q, 16p, CXCR5/, integrin signaling,
169, 13q, and 14q EPCAMT, IL1,IL2 and IL15
MYCN1, signaling, MTOR,
CCND21 FOXO, WNT
signaling
2: tMMSET/tMAF 166 Translocations of MMSET ~ 751*; N/A = Proliferative signaling = =
and MAF; gain of 1qg;
deletion of 13q and
14q; mutations in
FGFR3, PRKD2, and
DIS3
2a: tMMSET 38 Translocation of MMSET; 917 (N/A)  MMSET?, ART, Cancer testis antigens, Tazemetostat, CCND2, 0vOL2,
deletion of 12p, 13q, TIMP11, FGFR3 signaling selumetinib, PFKP, FGFR3
14q, and 22q; FLT41 abemaciclib
mutations in PRKD2;
mutational signatures:
SBS5 (clock-like)1;
SBS9 (polymerase n
and somatic
hypermutation)t
continued on next page
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Group/Subgroup Selected enriching gnpes(!l(a)g Selected DE Selected enriched Selectgd drug Selgcted
features ( da'y s) genes pathways candidates essential genes
2b: tMAF Translocation of MAF/ 903; 1500 MAF1, MAFAT,  Hypoxia, IL3 and IL4 Trametinib, CCND2, MAF,
MAFA/MAFB; NTRKK21, signaling, abemaciclib, CDKe,
mutations in FLG; CDK61, Hedgehog, IGF1, tenovin-6, EEF2KMT,
ITGB7 fusions; gain of CDKN2BT, PTEN, VEGF, anti-TACI NFIA, RHPN1
1q; deletion of 13q, IL4RT, AR|, IL2-STAT5 and HES
169, and 22q; higher IL6], DKK1| signaling, activation
number of female of NTRK2, O-linked
patients; high GSS; mucin glycosylation
mutational signatures:
SBS2 and SBS13
(APOBECQ)1; SBS5
(clock-like)|; SBS6
(MMR)|; SBS10b
(POLE-Ex0)1
2c:1q Gain of 1q; deletion of 610; N/A  CD4t, ERBB3t, ERKsignaling, Trametinib, CCND2, AQP7,
13q, 149, and 16q; IL32t, down-regulation of abemaciclib GIA3, ZNF676
mutations in TRAF3; ITGB11 CTLA4 inhibitory
mutational signatures: signal, B cell survival
SBS1 (clock-like)]
2d: tMMSET/1q*/15q* Translocation of MMSET;  1031; N/A  ALBfY, B-Arrestins, FGFR3 Infigratinib, CCND2, MAF,
mutations in FGFR3; MAGEC21, signaling erdafitinib IRS2, FGFR3,
gain of 1q, 3p, 3g, and CXCL12|, BAMBI
15q; deletion of 13q 1L18],
CCND2t,
MAF1
2e: tMMSET/1qg* Translocation of MMSET;  624; 1033 IGF1RT, MME?,  FAS, FGFR3, KRAS, and Olaparib, CCND2, MAF,
mutations in FGFR3 PAX91, IL2-STATS signaling trametinib, FGFR3, BAMBI,
and DIS3; gain of 1q MIAT?, abermaciclib, IGF1R
(highest number of FGFR31, erdafitinib,
copies); deletion of CCND21 IKKB inhibitor,
13qg; mutational anti-NY-ESO-1
signatures: SBS1
(clock-like)|; SBS2
(APOBEC)T; SBS10b
(POLE-Exo) 1; high
clonal complexity
3:tCCND1 Translocation of CCND1; 1130; NA - Replicative immortality - -
gainof 11q; and evasion of
CCND1;KLF2. growth suppression
FOSB:KLF6 and
C210rf91:CHODL
fusions
3a:tCCND1 Translocation of CCND1;  1176; N/A CCND11, Inflammasomes, Omipalisib, RAFi ~ CCND1, MT2A,
low GSS; low clonal MMP91, complement HG6-64-1, MT1G, APOC1
complexity ERGT, KDRT, cascade, apoptosis, abemaciclib,
IL181, IRE81 Waldenstrom trametinib
macroglobulinemia,
amyloid fiber
formation, MDM2
targets
3b:tCCND1/11g"/13g" Translocation of CCND1; 1236; N/A CCND1T, Apoptosis, MDM2 Venetoclax, RUNX1T1, DMKN,
gain of 11g and 13q; SLC7A11Y, targets, IL2-STATS trametinib, BATF3
focal gain of 13912.11; SALL4T, signaling RAFi
biallegic inactivation TP731 HG6-64-1,
of TP53; CCND1:KLF2 abermaciclib
fusion; low GSS;
mutational signatures:
SBS1 (clock-like)|;
SBS2 (APOBECQ)|;
SBS6(MMR)1
continued on next page
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Median

Group/Subgroup size (n) Selec:ed enriching PES; 0S Selected DE Selected enriched Selectt.ed drug Selgcted
‘eatures (days) genes pathways candidates essential genes
3c:tCCND1/1g* 23 Translocation of CCND1 832;1590 CCND11, MDS high-risk RAFi HG6-64-1, CCND1, ZNF676
gain of 1q; deletion of MS4A11, signature, APOBEC, abermaciclib,
16q KREMEN21t MDM?2 targets trametinib

(TNF) receptor-associated factor 3 (TRAF3). Genes overexpressed
in group 2 included CCND?2 overall; MMSET across subgroups
with t(4;14), 2a, 2d, and 2e; MAF in subgroups 2b, 2d, and 2e;
NTRK, CDKG6, and IL4R in subgroup 2b; MAGEA3, ERBB3, IL32,
and ITGBI in subgroup 2¢; ALB, MAGEC2, and CXCLI12 in sub-
group 2d; and IGFIR, MME, and MIAT in subgroup 2e.

Group 3 was composed of three subgroups, all enriched for
tCCND1. Subgroup 3a (n = 36; 27.3%) had virtually no CNAs, while
subgroup 3b (n = 73; 55.3%) was additionally enriched for del(13q),
specifically focused at 13q12.11, TP53 biallelic inactivation (mutation +
deletion), gain(11q), and other sparse CNAs. Subgroup 3c (n = 23;
17.4%) was enriched for gain(1q). The co-occurrence of gain(1q)
and del(16q) was identified in three different subgroups (1c, 2b, and
2¢), indicating that it is a recurring whole-arm secondary aberration.
Genes overexpressed in group 3 included CCNDI overall; MMP9,
KDR, and IL18 in subgroup 3a; SLC7A11 and SALL4 in subgroup
3b; and KREMEN?2 in subgroup 3c. To enable classification of pa-
tients with MM using MM-PSN, we have developed a freely avail-
able multiomics classifier on the basis of a support vector machine
(SVM) approach (see Supplementary Methods, Data and materials
availability statement, table S38, and fig. S13).

To assess the biological robustness of MM-PSN and the added
value of using multiomics data, we performed a comparison with
previous classifications based on gene expression, such as the UAMS
and our previous MMNet classifications (figs. S1 and S2) (9, 11). To
carry out the comparison with UAMS classes, we devised a gene ex-
pression classifier trained on the 12 MM-PSN subgroups, using an
approach based on SVM (table S39; see Data and materials avail-
ability statement). Then, we predicted MM-PSN subgroup member-
ship for 559 newly diagnosed patients before TT2 (total therapy)
and TT3 treatments that had been previously assigned to UAMS
classes. The results showed substantial agreement among the three
systems, where previous classes defined by HD or specific transloca-
tions matched the corresponding enriched subgroups in MM-PSN.
However, while gene expression-based systems identified broad
disease subtypes driven by differential expression reflecting major
genetic alterations, MM-PSN revealed a more granular stratification
with important biological and clinical implications. Both UAMS
and MMNet clustered patients with tMMSET in a unique class,
while MM-PSN revealed the existence of three separate subgroups
of patients carrying tMMSET, 2a, 2d, and 2e, each associated with
different genetic and molecular alterations. Similarly, while HD was
previously considered as a homogeneous class of patients, MM-PSN
revealed three distinct HD subgroups, 1a, 1b, and 1c. The UAMS
HY (hyperdiploid) class had significant overlap with MM-PSN sub-
groups la and 1b but not 1¢, which had significant overlap with the
low bone disease (LB) UAMS class instead. This provides the genetic
basis for the LB class, whose hyperdiploid features were not apparent
by simple analysis of its gene expression profile. The CCND1 groups
in UAMS (CD1/CD2) and MMNet (CCND1) were represented in
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the three different MM-PSN subgroups 3a, 3b, and 3¢, which re-
vealed significant genetic differences in terms of co-occurring
CNAs among patients affected by tCCND1. The UAMS PR (pro-
liferative) class mapped onto multiple MM-PSN classes, and
prominently to subgroup lc. This provides evidence that PR is a
genetically heterogeneous class of patients whose transcriptomes
may result from different combinations of genomic alterations.
Last, subgroup 1d, characterized by prominent multiple deletions,
and subgroup 2c, enriched for gain(1q) and del(14q), were poorly
represented in both the UAMS and MMNet classifications and
identified novel classes whose genetic features were not apparent by
gene expression analysis alone.

MM-PSN subgroups correlate with markers of genomic
instability, mutational signatures, and subclonal complexity
To estimate genomic instability between groups, we additionally
calculated a genomic scar score (GSS) measuring the levels of
homologous recombination deficiency in each patient, based on
telomeric allelic imbalance (TAI), loss of heterozygosity (LOH),
and number of large-scale transitions (LSTs) (fig. S3 and table S23)
(21). High GSS has been shown to correlate with poor prognosis in
other cancers, while low GSS was associated with superior outcome
in a recent study on patients with MM (22). Consistently, with these
findings, the lowest GSS levels across all subgroups were found in
patients with tCCND1, specifically those in subgroups 3a (tCCND1)
(Pagi= 1.3 x 10~*) and 3b (tCCND1/11q"/13q") (Pagj =5 x 107°), but
not 3c (tCCND1/1q"), while patients in 2b (tMAF) had the highest
GSS (Pagj = 0.04) (Fig. 1E, fig. S3, and table $23). Of note, a subset
of patients in subgroup 3b with biallelic loss of TP53 had signifi-
cantly higher GSS than the rest of the subgroup (P = 0.001). Within
group 2 (tMMSET/tMAF), subgroups 2b (tMAF), 2¢ (1q"/14q"),
and 2e (tMMSET/1q") had higher GSS [Pagj(2b) = 0.01; Pagj(2c) =
0.03; P,gj(2¢) = 0.03]. In particular, while all three subgroups had
increased LOH levels, GSS was specifically driven by increased TAI
levels in subgroups 2b and 2c and by increased LST in subgroup 2e.
In group 1 (HD), subgroup 1d (MultiDel) had a significantly high
GSS (P,q4j = 0.02), particularly driven by increased TAI levels.

To further characterize the genetic abnormalities enriched in
each subgroup, we extracted mutational signatures from the sam-
ples in the cohort, decomposed them into the mutational signatures
described in the COSMIC (Catalogue Of Somatic Mutations In
Cancer) catalog (v3.2), estimated the contribution of each signature
in each sample, and performed enrichment at the subgroup level.
Our analysis identified eight single-base substitution (SBS) signa-
tures largely overlapping those detected in a previous work in MM
(fig. S3B and table S24) (23). Seven MM-PSN subgroups were sig-
nificantly enriched for at least one signature (fig. S3C). The clock-
like signatures SBS1 and SBS5, indicating a mutational process
correlated with age and whose activity is constant over time, were
detected in every patient. However, SBS1 activity, which is initiated
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by spontaneous or enzymatic deamination of 5-methylcytosine to
thymine, was significantly higher in HD subgroups 1a (HD/-7") and 1b
(HD/tMYC) and significantly lower in subgroups 2c (1q*/14q"), 2e
(tMMSET/1q"), and 3b (tCCND1/11q*/13q"), while SBS5 activity
was higher in subgroup 2a (tMMSET) and lower in subgroup 2b
(tMAF). Other enriched signatures were the APOBEC (apolipo-
protein B mRNA editing enzyme, catalytic polypeptide-like)-related
signatures SBS2, which was significantly higher in subgroup 2b
(tMAF); SBS13, which was higher in subgroups 2b (tMAF) and 2e
(tMMSET/1q"); SBS6, attributable to defective DNA mismatch re-
pair (MMR), which was higher in subgroup 3b (tCCND1/11q"/13q")
and lower in subgroup 2b (tMAF); SBS9, associated with replication
by polymerase eta as part of somatic hypermutation in lymphoid
cells, which was higher in subgroup 2a (tMMSET); and SBS10b, related
to polymerase epsilon exonuclease (POLE-Exo) domain mutations,
which was higher in subgroups 2b (tMAF) and 2e (tMMSET/1q").

Last, we inferred the clonal landscape of tumor cells using SNVs
and CNAs and evaluated differences across the MM-PSN subgroups
in terms of number of subclones and complexity of the tumor
structure, as measured by the number of branches in the phy-
logenetic tumor trees. The analysis revealed significantly less
subclonal tumor populations in subgroups la (HD/-7") and 3a
(tCCND1), lower complexity in subgroup 1a (HD/-77), and a sig-
nificantly higher complexity in terms of both the number of sub-
clones and branches in subgroup 2e (tMMSET/1q") (fig. S3D and
tables S25 and S26).

MM-PSN reveals prognostic heterogeneity in hyperdiploid
and MMSET-translocated patients and improves on current
risk classification systems
Survival analysis of the three main groups showed that patients in
group 2 (tMMSET/tMAF) had shorter progression-free survival
(PFS) compared to patients in groups 1 (HD) and 3 (tCCND1)
(P < 0.01) (Fig. 2, A and B) and shorter overall survival (OS) com-
pared to patients in group 1 (P = 0.05). While HD has been shown
to confer a more favorable prognosis, concurrent gain(1q) in lc
(HD/tMYC/1q") was associated with higher risk of relapse within
group 1 [hazard ratio (HR) = 1.6, P = 0.04] and significantly shorter
OS than patients in subgroup 1b (HD/tMYC) (HR = 2.26, P = 0.01)
(Fig. 2, C and D). Stratification of the whole cohort based on the
co-occurrence of HD and gain(1q) revealed significantly shorter
PFES and OS in patients carrying both aberrations, as compared to
patients with HD and no 1q alterations (PFS: HR = 1.56, P,4j = 0.03;
OS: HR = 2.04, P,g; = 0.007) (Fig. 3, A and B).

tMMSET is currently considered to confer poor prognosis and
identifies high risk in the revised International Staging System
(R-ISS) (24). MM-PSN revealed the existence of three separate sub-
groups of patients carrying tMMSET, each associated with different
genetic and molecular alterations and with significantly different
risk profiles. While subgroup 2e (tMMSET/1q") had significantly
worse PFS (HR = 2.04, P = 0.002) and OS (HR = 2.71, P=5 x 107%)
within group 2 and overall, patients in subgroup 2a (tMMSET) had
a significantly better prognosis, comparable to that of patients with
HD (HR = 2.35, P = 0.005) (Fig. 2, E, F, I, and ]). Of note, subgroup
2d, which was enriched for both tMMSET and gain(1q) and had
additional HD features such as gain(15q) and gain(3p/3q), had better
prognosis than subgroup 2e (HR = 2.59, P,gj = 0.04). Conversely,
subgroup 2c (1q*/14q"), which was the only subgroup in group 2
without any translocations, had a PFS profile similar to subgroup 2e.
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Fig. 2. Survival analysis of MM-PSN identifies high-risk subgroups. (A and B) PFS
and OS plots for the three main patient groups identified by MM-PSN, showing sig-
nificant poorer outcome for the tMMSET + tMAF group. (C and D) Survival plots for
subgroups of group 1 show shorter PFS in patients from subgroup 1C characterized
by HD, tMYC, and 1q gain, compared to patients in subgroup 1B, which do not have
1q gain. (E and F) Survival plots for subgroups of group 2 show shorter PFS and OS in
patients from subgroup 2E, enriched for tMMSET and 1q gain. (G and H) Survival
plots for subgroups of group 3 do not show significant differences in either PFS or
OS. (I and J) Survival plots for all 12 subgroups of MM-PSN, indicating poorer out-
come of patients in subgroup 2e. P values were calculated using the log-rank test.
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Fig. 3. Prognostic implications of gain(1q), tMMSET, and gain(15q). (A and B) Survival plots show that 1q gain identifies a subset of HD patients with significantly
shorter PFS and OS. (C and D) Survival plots show that patients with 1q gain with or without tMMSET have poorer outcome than patients with tMMSET alone. (E and F) Gain
of 15q is associated with better PFS and OS. (G and H) Survival plots show that patients with 1q gain that received autologous stem cell transplant (ASCT) have significantly
better PFS and OS compared to patients that did not receive ASCT. (I and J) Gain of 1q significantly stratifies risk for relapse and mortality in patients in International
Staging System (ISS) classes | and Il and risk of mortality in patients in ISS class Il. (K and L) Gain of 1q significantly stratifies risk for relapse and mortality in patients in
revised ISS (rISS) class Il and risk of mortality in patients in rISS class IIl. P values were calculated using the log-rank test.

While no significant differences in survival were detected among
subgroups of the tCCND1-enriched group 3, a slightly poorer PES
in patients in subgroup 3c enriched for gain of 1q (tCCND1/1q")
was observed (HR = 1.3, P = 0.3) (Fig. 2, G and H). These findings
indicate a significant overall role of gain(1q) in driving prognosis.

Multivariate Cox regression analysis confirmed overall shorter PFS
in all subgroups enriched for gain(1q) and shorter OS in subgroups
lc (HD/tMYC/1q") and 2e (tMMSET/1q"), even after adjusting for
sex, age, race, and the therapies received (see figs. S4 and S5 for details).
Further dissection of the major alterations enriched in the subgroups
showed that gain(1q) alone and co-occurring with tMMSET were both
significantly associated with worse PFS and OS (PFS: HR = 2.08,
P <0.001, OS: HR = 3.49, P < 0.001), while tMMSET alone was not
(figs. S6 and S7). Overall, patients with both tMMSET and gain(1q)
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(n = 45) had much shorter PFS and OS, compared to patients with
tMMSET alone (n = 43) (PFS: HR = 2.3, P,g; = 0.01; OS: HR = 3.47,
P,4; = 0.02) (Fig. 3, C and D). Because the number of 1q copies has
been previously reported as being prognostically relevant, we evaluated
it across all the subgroups (25, 26). Subgroup 2e had the highest
number of copies (P = 0.0001) (fig. S8A). Stratification extended to
all patients in CoMMpass with CNA data available (n = 870) confirmed
that patients carrying four copies of 1q had worse PFS and OS than
patients carrying three copies (PFS: HR = 1.4, Py = 0.06; OS:
HR = 1.6, P,gj = 0.04) (fig. S8, B and C). The finding of
amp(1q) in group 2e indicates that this subgroup identifies the
subclonal progression of 1q copy number. We have previously
shown concomitant multiple whole-arm deletions in patients with
gain(1q), including 16q and 17p (27, 28). Our analysis revealed
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significant enrichment for del(16q) in subgroup 2b (tMAF) and
significant co-occurrence of gain(1q) with del(16q) in subgroups 1c
(HD/tMYC/1q"), 2b (tMAF), and 2¢ (1q*/14q"), and of gain(1q)
with del(17p) in subgroup 2d (tMMSET/1q*/15q").

Biallelic inactivation of TP53 (mutation and deletion), which
was enriched in subgroup 3b (tCCND1/11q"/13q"), was also signifi-
cantly associated with worse prognosis (PFS: HR = 2.02, P,g; = 0.01;
OS: HR = 3.08, Pygj = 6 x 107h, although it was overall present in a
small fraction of the patient population (n = 22, 3.3%) (figs. S6, S7,
and S9). Of note, the translocation of MAF, which has been consid-
ered a high-risk alteration in previous studies, was not significantly
associated with worse outcome (29). The analysis also showed
that male patients, independent of ancestry, had also worse OS
(HR = 1.50, P = 0.041). In contrast, gain(15q), which was a wide-
spread alteration in main group 1 (HD) and significantly enriched
in subgroup 2d (tMMSET/1q*/15q"), was associated with better PFS
and OS (PFS: HR = 0.66, P = 3 x 10°% OS: HR = 0.7, P = 0.04)
(Fig. 3, E and F). This might, in part, explain the better prognosis
observed in subgroup 2d compared to subgroup 2e, despite the
presence of tMMSET and gain(1q).

The analysis also revealed that neither induction therapy (e.g.,
bortezomib/carfilzomib with lenalidomide) nor autologous stem
cell transplant (ASCT) could overcome the negative prognostic
impact of gain(1q). While patients with gain(1q) who received ASCT
(n = 108) had better prognosis compared to patients with gain(1q)
who did not receive it (n = 217), the outcome was still significantly
poorer than in patients without gain(1q) who received ASCT (n = 194)
(Fig. 3, G and H, and figs. S6 and S7). Stratification of patients based
on co-occurrence of tMMSET and gain(1q) and ASCT showed that
ASCT was significantly associated with better PFS in patients with
tMMSET and tMMSET + 1q but did not correspond to better OS in
patients with tMMSET alone (fig. S10). In the whole cohort (n = 655),
we observed better PFS in patients treated with carfilzomib-based
therapies (HR = 0.46, P = 0.05), and ASCT was the only treatment
that was overall significantly associated with both better PFS and OS
(PFS: HR = 0.26, P=0.001; OS: HR = 0.26, P=0.001) (figs. S6 and S7).

Given these prognostic findings, we stratified patients on the basis
of their risk classes according to the ISS and the presence/absence of
gain(1q). ISS is the most used risk score in the clinical setting and is
based on serum f; microglobulin and albumin (30). The rISS addi-
tionally includes lactate dehydrogenase as well as the high-risk
cytogenetic markers tMMSET, tMAF, and del(17p), but not gain(1q)
(24). Our analysis revealed that gain(1q) could identify patients at
higher risk of relapse in ISS class III (P,gj = 0.07) and 1ISS classes II
and III (rISS II: P.g; = 0.01; rISS III: P.g; = 0.03) (Fig. 3, I and J).
Gain(1q) also identified patients with significantly shorter OS in ISS
and rISS classes IT and III (ISS II: P,gj = 0.04; ISS III: P,g; = 0.07; rISS
IL: Pyog; = 0.02; rISS TIL: Pog; = 6 x 10) (Fig. 3, Kand L).

Prognostic findings from MM-PSN replicate

in an independent dataset of 559 newly diagnosed patients
To validate our MM-PSN prognostic model based on co-occurrence
of tMMSET and gain(1q), we performed survival analysis on the
559 newly diagnosed patients before TT2 and TT3 treatments from
the UAMS cohort that were assigned to MM-PSN groups and sub-
groups with our gene expression classifier. At the group level, we
were able to replicate the prognostic findings from MM-PSN, with
group 2 having significantly shorter PFS (HR = 2.25, P,gj = 6.6 x
107) and OS (HR = 1.8, Pagj=1x 107%) than groups 1 and 3 (fig.
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S11, A and B). Furthermore, we validated subgroup 2e as having sig-
nificantly shorter PFS (HR = 3.08, P,gj = 0.02) and OS (HR = 3.64,
P,gj = 0.01) than subgroup 2a (fig. S11, C and D), thus supporting
the existence of two tMMSET-associated disease subtypes with dif-
ferent risk profiles and, specifically, the negative prognostic impact
of co-occurrence of tMMSET and gain(1q).

Multiomics enrichment analysis reveals activation of specific
oncogenic pathways in MM-PSN subgroups

To characterize the 12 MM-PSN subgroups functionally, we per-
formed a multiomics gene set and pathway activation analysis using
the data types contributing the most to the classification: gene
expression, CNAs, and translocations. The analysis revealed con-
cordance between different types of alterations and allowed the
identification of CNAs and translocations with corresponding gene
expression changes, thus more likely to be functional. Table 2 and
Fig. 4 provide a summary and a graphical representation of the
most representative results, respectively (full data are given in tables
S27 and S28). The analysis was performed on a set of 6229 curated
canonical pathways and 50 hallmark gene sets from MSigDB (31-33).
The results were adjusted for multiple testing and considered signifi-
cant if the corrected P values were below the 5% cutoff.

Group 1 (HD) was overall enriched for inflammation and im-
mune evasion pathways. In particular, subgroup la (HD/-7") was
characterized by significant activation of interferon-related path-
ways and CD40 signaling, up-regulation of Janus kinase 2 (JAK2)
targets, and up-regulation of genes in the interleukin-1 (IL-1)-
processing pathway [IL-18, RELA (RELA proto-oncogene, NF-KB
subunit), and CASP1 (caspase 1)] as a consequence of copy number
gain of their loci on chromosome 11. Subgroup 1b (HD/tMYC) was
enriched for apoptosis, (TNF)-related apoptosis-inducing ligand
(TRAIL) signaling, proteasome, and unfolded protein response.
Furthermore, we observed activation of MET signaling in subgroups
1band 1c (HD/tMYC/1q"), and of ATR signaling in subgroup 1b, as a
consequence of copy number gain and corresponding up-regulation
of several genes in these pathways. This may be clinically relevant
because both MET and ATR are considered potential therapeutic
targets in MM. Subgroup 1c (HD/tMYC/1q") also showed activation
of mitogen-activated protein kinase 1/extracellular signal-regulated
kinase 2 (MAPK1/ERK2) and IL27 signaling and up-regulation of
interferon regulatory factor 4 (IRF4) targets. In subgroup 1d
(MultiDel), we identified several pathways affected by the observed
multiple chromosomal deletions, including fas cell surface death
receptor (FAS), mechanistic target of rapamycin kinase (MTOR),
forkhead box O (FOXO), TOLL, and several IL pathways such as
IL-1,IL-2, IL-15, and IL-17.

Group 2 (tMMSET/tMAF) was overall enriched for proliferative
pathways. Subgroups 2a (tMMSET), 2d (tMMSET/15q"), and 2e
(tMMSET/1q") were characterized by the activation of the FGF
signaling pathway as a result of the t(4;14) translocation involving
FGFR3/MMSET and additional activating mutations in the gene. In
addition, subgroup 2c was characterized by the activation of ERK
signaling and the down-regulation of genes involved in cytotoxic
T-lymphocyte-associated protein 4 (CTLA4) inhibitory signaling,
while subgroup 2e showed activation of FOS signaling. Subgroup 2b
(tMAF) was instead characterized by up-regulation of neurotrophic
receptor tyrosine kinase 2 (NTRK2), activation of the hypoxia pathway,
and activation of insulin-like growth factor 1 (IGF1), IL, and hedge-
hog signaling.

90f 18



SCIENCE ADVANCES | RESEARCH ARTICLE

Subgroups
4 g o @ E0EECEOODNECN
an
signaling Histone Group 1 1a 1b 1c 1d 2a 2b 2c 2d 2e 3a 3b 3c
Group 3 Amyloid deacetylation HD
fiber oy HOA
tCCND1 Waldenstroems. formation
macroglobulinemia MDV2
APOBEC signature targets IL6 signaling
signature Impiungregulatory Mo
intéractions Ny z "
e ractio: Oxidative signaling
i FCERI- phosphorylation
d fediated up
alf‘ 3h d NFKB L7
DS non-lymphoi NFKB signalin
high-risk NFKB cell activation gt g l;/é:PKl;} IRF4 targets
signature atypical activation  Non-homologous
pathway Activation TomL end joining
of BCR NFxB o
signaling signaling
Apoptosis
MAPK6/MAPK4 TPS3 targets
SDC1-mediated Complement signaling
signaling activation MYC targets
P’c"eg“'z’:a’:‘ﬁ“ L1 signaling O
FCERI- CD40
medinted Proteasome  Unfolded soDdo AR
protein 9 I} signaling Premitotic  1GF-beta
i Inflammasomes I responsg cell cycle  receptor
agtivation rdcessin TNF regulators ~ signaling
P 9 P signaling
VEGF requlated "N
VEGE ¥
signaling © by TPS3 ATF6-albha  roxo
activates
: signaling
NLRP3 G,-M DNA Apoptosis  chaperones =
inflammasome  damage via NFKB TAcg'e:fe':‘e“ sigwn:Jng
Hedgehog HES Dy checkpoint
signaling signaling 2~
Cell cucle signaling NOTCH
' signaling Apoptosis Suppression
targets of by TGFB1
953 and KRAS TRAIL via MAPK1  apoptosis HRAS
signaling signaling MTOR  signaling
Cell cycle ignaling  Via NFKB
Activated signaling
CTLA4 NTRKS NRAS IL6 PD1
inhibitory PIRK signaling g rivation blockade
signaling d ’;ﬁ:‘aﬂg‘}? Inflammatory ~ FAS s,';mu,e Activation
SUB,\,T,M Cancer response signaling Cell cycle: c,',f,-f,'s:c:y DNA repair
testis Toning, M e siomalmg,C042
antigens activation checkpoint viamToR  Signaling
by MET PTPNLL
activation Regulation
HDAC class by MET of cell cycle L8
signalin
s - g sanang
signialin promotes v signaling
signaling ‘gnaling Activation  cell motility JAK2 targets
Angiogenesis  through MET
PI3K 1L4 signaling signaling by signaling
O-linked FGFR3 VET
glycosylation signaling —i Interferon L1z TNF
of mucins i3 sl IL2 signaling Interferon response signaling  signaling Homologous
signaling response nof via IRF3 viaNFkB  recombination
ILT5
B-Arrestins 4 HIFTA slgnaling
O Hypoxia targets
Group 2 . © © Activation N
; Regulation of IFNG signalin
tMMSET/tMAF signaling IGFL IRF3-mediated tegulatior IRF3/IRF7 IFNA response gnaling
signaling type | IFN Immune mediated response
by
responses
to cytosolic TBK1/IKK
TNA epsilon

O Up-regulation O Down-regulation

Fig. 4. Pathway activation in MM-PSN subgroups. Enrichment map for selected pathways that are significantly activated in MM-PSN subgroups. Each circle indicates a
pathway, and the colors represent the subgroups with significant up- or down-regulation of the pathway (indicated in red and blue, respectively). Edges connect path-
ways that share genes, and edge thickness is proportional to the number of shared genes.

Group 3 (tCCND1) was overall enriched for pathways associated
with replicative immortality and evasion of growth suppression. All
three subgroups exhibited up-regulation of targets of MDM2, which
is a critical negative regulator of TP53. Furthermore, subgroup 3b
(tCCND1/11q*/13q") was characterized by higher expression of
B-cell lymphoma 2 (BCL2) and low expression of myeloid cell
leukemia 1 (MCL1), while subgroup 3a (tCCND1) was enriched for
activation of inflammasomes and complement cascade and down-
regulation of proapoptotic genes such as BCL2 Associated X (BAX).
Subgroup 3a was also enriched for up-regulation of genes involved
in Waldenstréom macroglobulinemia and amyloid fiber forma-
tion, suggesting that this group of patients may be at higher risk of
developing amyloidogenic plasma cells.

Gene essentiality screenings and multiomics drug
repurposing identify potential subgroup-specific
vulnerabilities and small-molecule and immuno-oncology
candidates for future trials

To investigate the therapeutic implications of the MM-PSN classifi-
cation, we matched the up-regulated genes in each subgroup with
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genes essential for cell survival as determined by CRISPR-Cas9
screens [Cancer Dependency Map (DepMap)] in MM cell lines
(CERES score < —0.5; see Methods for details) (34, 35). First, we
used the MM-PSN classifier to assign 60 MM cell lines to subgroups
on the basis of their DNA and RNA profiles. These data enable
in vitro studies using cell lines to model the MM-PSN subgroups
and are provided as supplementary data (tables S29 and S38). We
were able to find at least one representative cell line for 9 out of 12
subgroups and identified essential up-regulated genes in 6 of the
9 subgroups (1d, 2b, 2¢, 2d, 3b, and 3c) using the corresponding
CRISPR-Cas9 data. We additionally determined essential genes
in the remaining subgroups using data from all available MM cell
lines. The analysis revealed a total of 213 essential genes, some of
which were potential actionable targets (Fig. 5 and table $30). The
overexpression of CCND2 was determined to be the major vulnera-
bility across all group 2 (tMMSET/tMAF) and subgroups 1c (HD/1q")
and 1d (MultiDel). CCND2 is a transcriptional target of MAF (mus-
culoaponeurotic fibrosarcoma); thus, its overexpression in subgroup
2b (tMAF) is a direct consequence of tMAF. We also determined
that up-regulation of MAF and CCND2 were vulnerabilities in
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Fig. 5. Gene essentiality screening identifies potential vulnerabilities in MM-
PSN subgroups. Selected genes that are considered essential for cell survival
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identified using all the available MM cell lines in DepMap.

subgroups 2d (tMMSET/1q*/15q") and 2e (tMMSET/1q"), con-
sistent with recent studies that have reported MAF activation also
in tMMSET cell lines and primary samples (36). However, MAF
was not identified as essential in subgroup 2a (tMMSET), revealing
that not all patients with tMMSET have MAF activation. Because the
MAPK kinase (MEK)-ERK pathway has been demonstrated to reg-
ulate MAF transcription, patients in MAF-expressing subgroups
could be potential candidates for treatment with MEK inhibitors,
currently being tested in clinical trials (7, 37). Moreover, a recent
study demonstrated that CCND2 down-regulation is achievable using
the signal transducer and activator of transcription 3 (STAT3) in-
hibitor SC99, which has potent anti-MM activity both in vitro and
in vivo (38). CDK6 was another major vulnerability identified in the
2b (tMAF), supporting clinical evaluation of CDK4/CDXK6 inhibi-
tors, such as palbociclib and abemaciclib, in this class of patients.
Another actionable vulnerability identified by our screening was the
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overexpression of FGFR3 in the tMMSET subgroups 2a, 2d, and 2e
(39). Sensitivity to FGFR inhibitors in patients overexpressing
FGFR3 is currently being tested in basket trials (7). Among the essen-
tial genes up-regulated in the high-risk subgroup 2e (tMMSET/1q"), we
identified IGFIR, which has been previously reported as aberrantly
expressed in aggressive MM (40, 41) and represents a potential
vulnerability that could be exploited therapeutically in this specific
class of patients. We also determined the type I melanoma antigen
gene MAGEA3 as a potential vulnerability in gain(1q)-enriched
subgroups 1c (HD/tMYC/1q") and 2c (1q*/14q7). We recently
showed that MAGEA3 inhibits apoptosis and promotes proliferation
in MM, and its overexpression is associated with shorter OS after
melphalan chemotherapy and ASCT (42). MAGEA-targeted immuno-
therapies are currently being evaluated in different cancers, including
MM (43-45). In group 3, besides consistent up-regulation of CCNDI
across all three subgroups, we identified FLT3 as essential in sub-
group 3a (tCCND1). A recent study demonstrated poor prognostic
significance of FLT3 overexpression in MM and in vitro anti-MM
activity on FLT3-positive cell lines and primary cells, thus support-
ing our finding of a specific subgroup of patients who could poten-
tially benefit from this treatment (46).

We further investigated the therapeutic implications of MM-PSN
by applying our multiomics precision medicine approach previously
described to the patients in the network and performing sub-
group enrichment (6). The analysis identified general, group-, and
subgroup-specific therapeutic options on the basis of actionable
DNA and RNA alterations represented in the database CIViC
(Clinical Interpretation of Variants in Cancer) (47) as well as from
cell line profiles from the Cancer Cell Line Encyclopedia (CCLE)
and the Genomics of Drug Sensitivity in Cancer (GDSC) databases
(Fig. 6, A and B, tables S31 to S37) (48-50). We further annotated the
group/drug associations with gene essentiality from CRISPR screens.

Group 1 (HD) was enriched for several drugs mostly matched to
actionable genes in the chromosomes affected by trisomies. For ex-
ample, the MET inhibitors onartuzumab and crizotinib were top-
ranking options in subgroups 1b (HD/tMYC) and 1c (HD/tMYC/1q")
because of gain of MET (chromosome 7) and its consequent up-
regulation. This was consistent with the results of our pathway anal-
ysis, demonstrating specific activation of MET/HGF in subgroup 1b
(HD/tMYC). This is clinically relevant because MET dysregulation
has been reported to be a hallmark of aggressive disease in MM, and
previous studies have suggested it as a potential therapeutic target
in MM. Therefore, subgroups 1b and 1c identify a population of
patients with HD MM who may be sensitive to MET inhibition.
Other options in group 1 included the CDK4/CDK6 inhibitor pal-
bociclib associated with CCND1 gain in subgroups 1a, 1b, and 1d; the
NOTCH1 antibody PF-06293622 associated with gain of NOTCH1
in subgroups 1a, 1b, and 1c¢; and the phosphatidylinositol 3-kinase
(PI3K) inhibitors alpelisib and taselisib associated with gain of
phosphatidylinositol-4,5-bisphosphate 3-kinase, catalytic subunit
alpha (PIK3CA) and pictlisib associated with gain of PIK3CA or Erb-B2
receptor tyrosine kinase 2 (ERBB2) and mutations in BRAF in sub-
groups 1b and 1d. Some of these associations were further supported
by matched cell line data from CCLE and GDSC (Fig. 6, A and B).
In addition, subgroup 1d was associated with irinotecan because of
the amplification of DNA topoisomerase I (TOP1).

In group 2 (tMMSET/tMAF), tazemetostat and selumetinib
were significant top-ranking options in subgroup 2a (tMMSET) be-
cause of deletion and/or underexpression of SWI/SNF related, matrix
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associated, actin dependent regulator of chromatin, subfamily b,
member 1 (SMARCBI1) and deletion of moesin-ezrin-radixin like
(MERLIN) tumor suppressor (NF2), respectively. The pan-FGFR
inhibitors erdafitinib and infigratinib and the cisplatin/gemcitabine
combination were significantly recommended for subgroup 2d
(tMMSET/1q"/15q") because of the enrichment for FGFR3 muta-
tions (7). This was further supported by patient profile matching
with GDSC and CCLE drug screenings and by the essentiality of
FGFR3 observed in cell lines representative of subgroup 2d. Potential
options in subgroup 2e (tMMSET/1q") included the MAPK11
inhibitor SB202190 because of the underexpression of STK11, the
poly(adenosine diphosphate-ribose) polymerase (PARP) inhibitor
olaparib because of the overexpression of PARP and/or under-
expression of ATM serine/threonine kinase (ATM), and the FGFR
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inhibitor erdafitinib because of mutations in FGFR3. The use of
PARP inhibitors for patients in subgroup 2e is also supported by
their increased genomic instability, which is a marker for this ther-
apeutic class as suggested by previous studies in other cancers (51).

In group 3, we identified 3b (tCCND1/11q"/13q") as a subgroup
of patients with higher sensitivity to BCL2 inhibition. While t(11;14)
has been reported as a marker of sensitivity to the BCL2 inhibitor
venetoclax, because of the increased dependency on BCL2 for sur-
vival of the altered cells, higher expression of BCL2 itself is associated
with better response, as determined in our study and in other studies
(6,52, 53). Furthermore, it has been shown that higher expression of
the BCL2 family member MCL1 is associated with resistance to
venetoclax (53). BCL2 and MCLI expression profiles across MM-PSN
subgroups showed significant up-regulation of BCL2 in subgroups
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3b (tCCND1/11q%/13q") and 2b (tMAF) (Fig. 7, A and B). However,
subgroup 2b also showed significant up-regulation of MCLI, in-
dicating resistance (Fig. 7, C and D). Cell line expression exhib-
ited a similar trend, and data from CRISPR screenings confirmed
vulnerability to BCL2 inhibition in cell lines associated with sub-
group 3b (e.g., SKMM2 and KMS27) but not in cell lines associated
with subgroup 2b (e.g., OCIMY5) (Fig. 7E). These findings sug-
gest that MM-PSN subgroup 3b may identify patients that are sen-
sitive to venetoclax. Moreover, the expression pattern of BCL2 and
MCL1 in subgroup 2b also indicates a possible benefit for patient in
this class from dual targeting of BCL2 and MCL1 (54, 55).

Last, we matched up- and down-regulated genes in each subgroup
with current chimeric antigen receptor (CAR) T cells and immuno-
oncology treatments targets. While transcript expression of such
genes does not necessarily correlate with the corresponding surface
protein levels, it may still be an important indication of potential
actionable targets specific to each subgroup. Of particular relevance
is the expression of genes encoding proteins that were recently
identified as most enriched on MM cell surface, the MM surfaceome,
when compared to B cell malignancy models (56), such as TNFRSF13B,
encoding the protein transmembrane activator and calcium modulat-
ing ligand (CAML) interactor (TACI), and integrin subunit beta 7
(ITGB7) (Fig. 6C). The mucin gene MUCI, which is encoded in
chromosome 1q22, was a recurrent target identified in the
gain(1q)-enriched subgroups 1c (HD/tMYC/1q"), 2¢ (1q*/14q"), and
2e (tMMSET/1q"), while MUC16 was found up-regulated in sub-
groups 2a (tMMSET), 2d (tMMSET/1q"/15q"), and 2e (tMMSET/1q").
Other relevant targets included IGF1R, which was also identified as
an essential gene in subgroup 2e; CTAG2, up-regulated in sub-
groups 2d and 2e; ITGB7, up-regulated in subgroups 2b (tMAF)
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and 2e; and TNFRSF13B, up-regulated in subgroup 2b. The latter
encodes the TACI protein, which is a member of the TNFR receptor
superfamily and is a critical regulator of B cell maturation and dif-
ferentiation into plasma cells, together with the B cell maturation
agent (BCMA) protein (57). BCMA is a suitable therapeutic target
for CAR T, bispecific T cell engagers (BiTE), and antibody-drug
conjugates, such as belantamab mafodotin, and TACI is now being
investigated as a potential additional target for immunotherapies in
MM (58, 59). Up-regulation of its transcript in subgroup 2b may
indicate greater response in these patients.

In group 3 (tCCND1), the gene MS4A1, encoding the B cell sur-
face protein CD20, was identified as a potential target in subgroups
3b (tCCND1/11q*/13q") and 3c (tCCND1/1q"). Subgroup 3c was
instead characterized by down-regulation of TNFRSF13B, which
may correspond to reduced response to TACI targeted therapy.

Last, subgroup 1d (MultiDel) was enriched for the deletion of
16p, which harbors TNFRSF17, the gene encoding BCMA. Patients
in this subgroup are at higher risk of biallelic loss of BCMA, which
has been shown to trigger resistance to anti-BCMA CAR T therapy
in MM (60). Overall, MM-PSN may help inform patient selection in
future clinical trials.

DISCUSSION

In this study, we have generated a PSN of newly diagnosed patients
with MM, MM-PSN, using five different data types derived from
WGS, WES, and RNA-seq and have determined a novel classifica-
tion of MM consisting of three main groups and 12 subgroups.
While several studies have focused on specific genetic lesions to
determine their prognostic implications, our analysis aimed at dissecting
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the intertumor heterogeneity of MM and investigating the co-
occurrence of multiple alterations in an integrated fashion.

Overall, our MM-PSN model organized previous knowledge on
genetic markers into broad patient groups defined by translocations
or HD and then further refined and harmonized such knowledge
cohesively with other genetic and molecular markers to determine
subgroups of highly similar patients. Our model identified two novel
subgroups, one (1d) characterized by multiple chromosome dele-
tions and one (2¢) identified by co-occurrence of gain(1q) with
del(14q). The MM-PSN classification uncovered novel associations
between distinct MM hallmarks with powerful prognostic implica-
tions and enabled further refinement of risk stratification.

Opverall, the significant representation of specific patterns of ge-
nomic and transcriptomic dysregulation in MM-PSN subgroups, as
shown in Fig. 1, indicates coherent biological entities and outlines
their genetic and molecular features, as well as their prognostic
and potential for therapeutic implications. Close inspection of the
MM-PSN groups identified a small number of outlier patients who
lacked some of the defining features of the groups they were as-
signed to (fig. S12).

The most significant findings of our study involve the gain of the
long arm of chromosome 1, a high-risk feature observed in ~40% of
MM cases and in several other types of cancer, including breast can-
cer, hepatocellular carcinoma, and myeloproliferative neoplasms
(61-64). Patients affected by monoclonal gammopathy of undeter-
mined significance, a precursor of MM, and smoldering MM who
carry gain(1q) have higher risk of progression to MM, with a median
time to progression of 2 years (65). Other studies with newly diag-
nosed and relapsed/refractory MM patients have confirmed the
negative prognostic impact of gain(1q) in different therapeutic reg-
imens (25, 66). MM-PSN identified six subgroups (1, 2b, 2¢, 2d, 2e,
and 3c) enriched for gain(1q), all of them associated with other re-
current lesions and having the shortest median time to relapse and
death compared to the other subgroups. We have previously de-
scribed 1q12 pericentromeric instability of satellite DNA as a major
cause of many of the secondary subclonal karyotypic events in MM
(67). In this regard, a recent study of double-refractory MM found
that karyotypic events influenced clustering of patients more than
treatment or mutations and that amp(1q) was the only high-risk
feature predicting survival (68). These authors suggest that chro-
mosome instability enables subclones to enter different evolutionary
trajectories and adapt to selective pressure of therapies and under-
lying treatment failures. The types of secondary karyotypic associations
found in MM-PSN add significantly to the genomic heterogeneity
of the disease and are most likely, at least partially, responsible for
the resistance to therapy. The subgroup of patients having the poorest
outcome in terms of both PFS and OS had co-occurrence of gain(1q)
with the t(4;14) translocation involving MMSET. We further con-
firmed this prognostic implication in an independent dataset. Notably,
while the presence of gain(1q) alone was still a significantly delete-
rious event, the presence of tMMSET alone was not. This is an im-
portant result, as tMMSET has always been considered a high-risk
feature regardless of other co-occurring lesions (24, 69).

In contrast, and consistent with findings from the Myeloma XI
and Myeloma IX trials, gain(1q) appeared to confer poorer prognosis
also to patients usually considered at lower risk, such as those carry-
ing HD (26). Hyperdiploid patients with concurrent gain(1q) had
significantly shorter PFS and OS than hyperdiploid patients with no
gain(1q). A similar trend, although not statistically significant, was
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also observed in patients with tCCND1 and concurrent gain(1q),
who had a median time to progression close to patients with
tMMSET and gain(1q).

Our multivariate analysis also revealed a protective effect con-
ferred by gain(15q), whose presence determined a significantly
longer PFS and OS. This might also explain the better outcome
observed in patients with tMMSET, gain(1q), and gain(15q) (sub-
group 2d). Further investigations aimed at dissecting this potential
protective effect are currently underway.

Despite increasing evidence supporting the prognostic relevance
of gain(1q), current staging systems such as the ISS and its revised
version, rISS, do not include it (24, 70). Our results show that
gain(1q) could significantly stratify patients in almost all risk classes
into high- versus low-risk subclasses, in terms of both PFS and
OS. Our results independently confirm findings by Walker et al.
(71) and suggest that gain(1q) should be incorporated into staging
systems and used in the clinic to determine patient risk.

Functional characterization of the MM-PSN subgroups through
pathway activation analysis and drug repurposing based on both
DNA and RNA alterations have further revealed meaningful in-
sights with important biological and clinical implications. These
findings have immediate implication for precision medicine and
clinical trials, as different subgroups of patients may respond to dif-
ferent targeted and immuno-oncology therapies based on their
genomic and transcriptomic profiles. A clear example of potential
therapeutic implications of MM-PSN is provided by the significant
up-regulation of BCL2 in the tCCND1 subgroup 3b (tCCND1/11q/13q)
and in the tMAF subgroup 2b (tMAF). In MM, tCCND1 and high
BCL2 expression are considered markers of sensitivity to venetoclax,
while the up-regulation of MCL1I, which is often a consequence of
copy number gain of its locus at 1q21, is associated with resistance.
Our analysis suggested higher sensitivity to venetoclax in subgroup
3b and resistance in subgroup 2b because of concurrent up-regulation
of MCL1. Other examples of applications of MM-PSN in patient
selection for specific therapies include the activation of MET signal-
ing in subgroups 1b (HD/tMYC) and 1c (HD/tMYC/1q"), which
suggest the use of MET inhibitors for patients in these classes, or the
deletion of one copy of the gene encoding the CAR T target BCMA,
TNFRSF17, in patients in subgroup 1d, which may also indicate
higher risk of failure in these patients, as they are more likely to
acquire additional alterations leading to biallelic loss of BCMA.

Our study confirms the advantages of using multiple features to
dissect cancer heterogeneity and the ability of PSNs to handle mul-
tiple data types to generate clear and interpretable disease models.
MM-PSN structures and harmonizes the complexity of MM by
associating patients with highly similar genomic and transcriptomic
profiles to form more granular and homogeneous classes than
achieved by previous classifications. The MM-PSN classification is
a valuable and accessible resource that can be used in most clinical
settings, because the features defining high risk can be easily detected
by fluorescence in situ hybridization/cytogenetics.

While the prognostic impact of gain(1q) has been previously in-
vestigated and established in numerous studies, our network model
and analysis have revealed a much higher significance and centrality
of this genetic lesion in risk assessment of treatment-naive patients
with MM. Ongoing research is now focused on a deeper characteri-
zation of the MM-PSN subgroups, and, in particular, those enriched
for gain(1q), to gain novel insights into the molecular mechanisms
and pathways that drive each disease subtype. These studies are
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fundamental to advance our understanding of MM pathology and
paves the way for future research into drug repurposing approaches
aimed at novel therapies tailored to specific patient subgroups.

METHODS

Dataset acquisition and primary data generation

WGS, WES, and RNA-seq data were generated from bone marrow
aspirates (tumor CD138" cells) and peripheral blood (control) of
655 treatment-naive newly diagnosed patients with MM enrolled
in the MMRF CoMMpass study. Data were provided by MMRF
and are available on the database of genotypes and phenotypes
(dbGaP) database (www.ncbi.nlm.nih.gov/gap) under accession
number “phs000748.”

Raw sequencing data were processed at Translational Genomics
Research Institute (TGen), and primary data were generated as de-
scribed in Supplementary Methods (SM1). Briefly, somatic single-
nucleotide variants (SN'Vs) and small insertions-deletions (INDELSs)
were identified from matched tumor-normal WES data, CNAs, and
structural variants that were identified from matched tumor-normal
WGS data. RNA-seq data were used to obtain gene expression esti-
mates and identify gene fusion transcripts.

PSN generation, visualization, and analysis

For the generation of MM-PSN, we applied the SNF method as it
did not require a priori feature selection and was shown to outper-
form methods on the basis of single data types as well as other mul-
tiomics approaches such as iCluster (17, 19, 72). We additionally
tested the methods iClusterBayes (73), which was discarded because
it required feature selection and thus may significantly introduce
bias in the results, and ANF (Affinity Network Fusion) (74), whose re-
sults were almost identical to those obtained by SNF. MM-PSN was
generated using the SNF method implemented in the R package
SNFtool (v2.3.0) as described in Supplementary Methods (section S2)
(17). Briefly, SNFtool was run on 655 MM tumor samples using gene
expression (50,495 genes), SNV (57,736 mutations), gene fusion (13,682
fusions), focal CNA (93 features), and broad CNA data (39 features),
and the obtained fused matrix was clustered using the spectral cluster-
ing method implemented in the SNFtool package. We selected 3 as the
optimal number of clusters, which maximized the eigen gap and mini-
mized the rotation cost, as suggested by the authors of SNF (Fig. 1).

To visualize the network, we retrieved all the patient pairs from
the fused similarity matrix W returned by SNF and retained only
those with similarity greater than the third quartile values of all pos-
sible pairs for improved visualization. These filtered pairs were then
imported in Cytoscape (v3.7.2) (75). We used the edge-weighted
spring-embedded layout for visualizing the edges shown in Fig. 1A.

Significant features across MM-PSN groups and subgroups were
identified by Kruskal-Wallis test (numerical features) and chi-square
test (categorical features). Subgroup enrichment for significant fea-
tures was determined by Wilcoxon rank sum test (numerical fea-
tures) and chi-square test (categorical features). CNA data were
considered numerical [Genomic Identification of Significant Targets
in Cancer (GISTIC) scores], while SNV and fusion data were con-
sidered binary (presence or absence). Clinical data were split into
numerical (e.g., blood markers) and categorical (e.g., sex) variables
and analyzed separately. We adjusted the P values for multiple testing
using the Bonferroni correction. We considered significant the fea-
tures with adjusted P values <0.1. Differential gene expression (DE)
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analysis was performed using the R package edgeR (76), comparing
each subgroup of patients with all the other patients.

We calculated subgroup-specific pathway activation by applying
a multiomics enrichment approach to DE genes, CNAs, and trans-
locations significantly enriched in each subgroup, using 6229 curated
canonical pathways and 50 hallmark gene sets from MSigDB (32, 33, 77).
P values were corrected for multiple testing using the Benjamini-
Hochberg procedure, and 0.05 was set as the cutoft value for significance.
The enrichment map was created using the plugin enhancedGraphics
in Cytoscape (75, 78). Additional details on DE analysis, pathway
enrichment, and the analysis of mutational signatures, genomic
instability, and clonal landscape are provided in Supplementary
Methods (section S3).

Gene essentiality screening and drug repurposing analysis
To identify essential genes in MM-PSN subgroups, we first applied
the MM-PSN classifier to sequencing data from 60 MM cell lines
and assigned them to nine different subgroups. No cell lines were
matched with subgroups 1b, 2a, and 3a. The results are given in ta-
ble S2. We then retrieved the Achilles dataset, which contains the
results of genome-scale CRISPR knockout screens for 18,119 genes
in 793 cell lines, from the DepMap portal. We identified MM cell
line-specific essential genes as those with a CERES score < —0.5, as
suggested in DepMap (34, 35). We matched the essential genes with
significantly up-regulated genes in each subgroup, which were
identified by DE analysis performed with the R package edgeR (76).
Ig genes were excluded. Genes with logFC > 1.5 and false discovery
rate (FDR) < 0.05 were considered up-regulated. Specifically, up-
regulated genes in each subgroup were matched with genes with a
CERES score < —0.5 in at least one of the cell lines representative of
the subgroup. For subgroups with no representative cell lines, we
considered an average CERES score of all MM cell line data avail-
able. Overall, we identified 213 essential genes (table S3).

Drug repurposing analysis was performed using an updated ver-
sion of our multiomics precision medicine platform previously de-
scribed. For each patient in MM-PSN, we matched SNVs, CNAs,
and differentially expressed genes with the actionable alterations
reported in the database CIViC (47). Patient-specific differentially
expressed genes were identified by calculating z scores from log,
variance stabilizing transformation (VST)-normalized gene ex-
pression data and selecting genes with |z scores| > 2. Actionable
alterations in CIViC are associated with drugs and/or drug combi-
nations curated from the literature and clinical trials in MM and
other cancers. We only considered associations with evidence level
of A (validated), B (clinical evidence), C (case study), or D (pre-
clinical). Inferential associations (level E) were discarded. In ad-
dition, we implemented a classifier to learn features predicting
response to drugs leveraging large cell line collections from the
CCLE and the GDSC (48-50). We then applied the classifier to pre-
dict potential drugs for the patients with MM. Subgroup enrichment
for drugs and drug combinations was assessed by applying Fisher’s
exact test to drugs and drug combinations associated with patients
in the subgroup (table S4). P values were adjusted for multiple test-
ing with the Benjamini-Hochberg procedure.

CAR T and immuno-oncology targets were curated from the
literature and sources in our MM clinic (56, 79). Subgroup-specific
targets were identified by matching this gene list with significantly
up-regulated genes in each subgroup according to the analysis
described above.
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Survival analysis

PES and OS were analyzed by the Kaplan-Meier method, and P values
were calculated using the log-rank test. When multiple tests were
performed, the P values were corrected for multiple testing using
the Benjamini-Hochberg procedure. The HR was calculated using
the Cox proportional hazards method (coxph from the R package
“survival”).

MM-PSN multiomics and gene expression classifiers

For the generation of the MM-PSN multiomics classifier, we divided
the 655 samples into training and validation sets in the ratio of
70:30. The classifier was built by combining the most informative
three types of features, i.e., copy number of focal chromosome
bands, translocation calls, and gene expression. We applied differ-
ent strategies for feature filtering and selection to identify the top 50
CNA features that maximized the performance in terms of weighted
recall and the top 100 genes with the highest NMI (normalized mutual
information) for each of the three main groups and their subgroups.
All the features were then further one-Hot-encoded to be fed into a
stacking classifier with random forest, XGBoost, and linear SVC as
the base learners. The performance on training data was calculated
using threefold cross-validation. The final model was developed us-
ing full training data and tested on 30% validation dataset separated
upfront from the full dataset. Figure S13 (A and B) shows the
precision versus recall curves for the training and test sets, respec-
tively. The features included in the classifier are given in tables
S34 and S35.

To validate MM-PSN groups and subgroups on an independent
gene expression dataset, we trained classification models on the 655
samples using gene expression data only. The 12 subgroups ob-
tained by spectral clustering on the SNF-fused similarity matrix
were taken as the ground truth for label assignment. The classifier
was developed using a two-step process. First, an SVM classifier was
developed to classify the three main groups using the z-scored ex-
pression of 134 genes. The 134 gene expression features were select-
ed using the SVC-L1 feature selection method implemented in the
Python package Scikit-learn. The samples predicted to be in group 2
were further sent through another SVM classifier based on 1200
features that were selected using the univariate feature selection
method f_classif in Scikit-learn to predict membership to the five
subgroups of group 2 (2a, 2b, 2¢, 2d, and 2e). The best models were
selected using 10-fold cross-validation at the group level and 5-fold
cross-validation at the subgroup level on the training data. The
validation data were generated with Affymetrix GeneChip U133
plus 2.0 arrays from Zhan et al. (9) and were retrieved from the
National Center for Biotechnology Information Gene Expression
Omnibus (NCBI GEO) (GSE2658). Additional details on the gener-
ation and validation of the classifiers are provided in Supplementary
Methods (sections S5 and S6).

SUPPLEMENTARY MATERIALS

Supplementary material for this article is available at https://science.org/doi/10.1126/
sciadv.abg9551

View/request a protocol for this paper from Bio-protocol.
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