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Genomic landscape of multiple myeloma and 
its precursor conditions
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Reliable strategies to capture patients at risk of progression from precursor 
stages of multiple myeloma (MM) to overt disease are still missing. We 
assembled a comprehensive collection of MM genomic data comprising 
1,030 patients (218 with precursor conditions) that we used to identify 
recurrent coding and non-coding candidate drivers as well as significant 
hotspots of structural variation. We used those drivers to define and validate 
a simple ‘MM-like’ score, which we could use to place patients’ tumors on 
a gradual axis of progression toward active disease. Our MM precursor 
genomic map provides insights into the time of initiation and cell-of-origin 
of the disease, order of acquisition of genomic alterations and mutational 
processes found across the stages of transformation. Taken together, we 
highlight here the potential of genome sequencing to better inform risk 
assessment and monitoring of MM precursor conditions.

Precursor stages of MM, including monoclonal gammopathy of unde-
termined significance (MGUS) and smoldering multiple myeloma 
(SMM), progress to MM at rates of 1% to 10% per year1–6. Currently, 
patients with MGUS and SMM are monitored using variables that reflect 
tumor burden, such as levels of M-spike and free light chains, as well 
as plasma cell infiltration in the bone marrow4,5. Stratification models 
use these biomarkers to prognosticate patients and determine their 
risk category; however, different models can yield discordant results6,7. 
Furthermore, somatic alterations that have a role in the disease are 
not included in commonly used stratification systems8,9. Profiling of 
genetic biomarkers through whole-genome sequencing (WGS) offers a 
robust solution for precision oncology with informed risk assessment, 
stratification and prediction of progression8–10, addressing a major 

unmet clinical need. This can improve decision-making on observa-
tion versus treatment to prevent the irreversible organ damage that 
manifests in MM7,11.

Genomic studies of tumor plasma cells in patients with MGUS 
and SMM have shown genetic heterogeneity, similar to symptomatic 
MM in some cases8,9,12–18, and prognostic value of mutations in the 
mitogen-activated protein kinase (MAPK) pathway (including KRAS), 
DNA repair genes and MYC8,9. Here we created a map of the genome of 
MM and its precursors using mostly WGS data from >1,000 patients 
(n = 1,030), including 218 MGUS and SMM (MGUS/SMM; n = 138 WGS 
data from participants of the Precursor Crowd study (PCROWD)). This 
map enabled the discovery of coding and non-coding drivers, identify-
ing biomarkers of progression, modeling and timing of MGUS/SMM 
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(21 chromosome arms, 18 gains and 3 losses; 33 focal events, 4 gains 
and 29 losses; GISTIC2.0 q < 0.1). Among these were the well-known 
hyperdiploidy gains, 1q, MYC, BCMA, FAM46C, CDKN2C, CYLD and 
FGFR3/MMSET as well as other significantly altered regions, including 
TERC/GPR160, EVI5, BCL6, BIRC2/3 and XBP1 (Fig. 1a and Supplementary 
Table 3). Finally, we discovered 11 additional candidate driver structural 
variations, including two known canonical drivers (NSD2 and MAF; 
Fig. 1a; see below). When comparing the number of driver events across 
MM stages, we observed that precursor patients already harbor at  
least one MM-driver alteration (Fig. 1a). However, the number of  
drivers increased with MM progression. For example, point mutation 
drivers were rare in MGUS (median, 0; range, 0–2), increased in SMM 
(median, 1; range, 0–7) and further increased in MM (median, 2; range, 
0–10) (Extended Data Fig. 1e).

Next, we defined a score reflecting the gradual progression  
from MGUS/SMM to MM by testing whether initiating translocations 
and each of the 103 driver alterations occurring in >1% of patients  
were found at different frequencies between MGUS/SMM and MM 
(Supplementary Table 4). Using the WGS cases, we found 26 such 
events (q < 0.1). The only events enriched in MGUS/SMM were the 
MAF and MAFB translocations (MAF: odds ratio (OR), 3.1; confidence 
interval (CI), 1.6–5.8; q = 0.0026; MAFB: OR, 3.4; CI, 1.1–9.8; q = 0.04). 
The other 24 alterations were more common in MM and included  
known drivers of the disease (MYC: OR, 5.0; CI, 2.2–14; q = 5 × 10−5; 
NRAS: OR, 2.7; CI, 1.5–5.3; q = 0.009; KRAS: OR, 1.9; CI, 1.2–3.3; q = 0.09; 
Fig. 1a and Supplementary Table 4). We then defined a genomic score 
by subtracting the number of MGUS/SMM-enriched drivers from the 
number of MM-enriched drivers for each tumor and named it the 
‘MM-like’ score. As expected, the MM-like score increased throughout 
disease progression (median MM-like score of 1 in MGUS, 2 in SMM  
and 3 in MM; Fig. 1b). Among patients with SMM only, who can be 
stratified into three groups with the 2/20/20 model4, we found a 
gradual increase of the MM-like score that matched the overall 
medians in MGUS, SMM and MM (median scores of 1 in low-risk,  
2 in intermediate-risk and 3 in high-risk SMM groups, respectively; 
P = 2 × 10−5; Fig. 1c). An MM-like score above the median (score > 1) 
correlated with a higher chance of progression to MM in patients who 
were untreated for SMM with WGS data available (hazard ratio (HR), 
5.3; 95% CI, 1.1–25; P = 0.03; Fig. 1d). We first validated this association 
between an increased MM-like score and higher rates of progression to 
MM using an internal dataset of 87 patients with SMM patients from a 
previous publication8. (HR, 3.3; 95% CI, 1.8–6.2; P = 5 × 10−5; Fig. 1e). We 
then confirmed this association using an external validation dataset 
of 77 patients with SMM from another publication9 with deep targeted 
sequencing data, despite the fact that this dataset included only muta-
tions and translocations (HR,1.8, 95% CI, 1.1–3.0; P = 0.03; Extended 
Data Fig. 2a). When analyzed in multivariate regression, we found that 
the MM-like score was independently associated with a higher chance 

to MM transformation. These results highlight the clinical potential 
of genome profiling for monitoring and intercepting progression in 
molecularly determined high-risk patients.

Results
The MM-like genomic score captures disease progression
To characterize the somatic mutation landscape and drivers in precur-
sor conditions of MM, we generated and analyzed deep WGS data on 
bone marrow samples from patients with MGUS (n = 19), SMM (n = 119) 
and MM (n = 20) and their patient-matched germline controls (median 
coverage: 50× in tumor samples, 35× in normal samples; Supplementary 
Table 1). Given that bone marrow samples contain a small fraction of 
MGUS/SMM cells (median, 15%), we first enriched these cells and used 
a low-input DNA protocol19 to reliably extract and sequence tumor DNA 
(median purity, 81%; Methods). This enabled us to evenly character-
ize the 119 SMM patients from the three currently used risk groups 
(International Myeloma Working Group 2/20/20 criteria: 44 low-risk, 
29 intermediate-risk and 46 high-risk patients with SMM).

To increase cohort size and power for driver discovery, we com-
bined our precursor-enriched dataset with genomic data from 872 addi-
tional individuals with MGUS (n = 18), SMM (n = 62) and MM (n = 792), 
comprising 810 genomes and 853 exome profiles, yielding a map of 
somatic mutations of MM and its precursors from 1,030 individuals 
(Supplementary Table 1). For each tumor, we identified somatic point 
mutations (single-nucleotide variants (SNVs) and small insertions and 
deletions (indels)), copy-number alterations and structural variants 
(SVs; non-coding mutations and SVs were available for 969 samples 
with WGS data). Our analysis is powered to discover candidate drivers 
mutated in 2% of patients20 (Extended Data Fig. 1a). Indeed, analysis of  
random samples of the cohort confirmed that the number of drivers  
found in ≥2% of patients increases and plateaus at around 1,000 
patients (Extended Data Fig. 1b,c).

First, we set out to discover candidate drivers of MM and precur-
sor conditions. We identified 62 genes with significantly recurrent 
point mutations (MutSig2CV, q < 0.1), including (1) 39 already known 
MM drivers, such as KRAS, NRAS, FAM46C, DIS3, BRAF and TP53; (2) 
eight new candidate drivers (IKZF3, IKBKB, HNRNPU, FIP1L1, SGPP1, 
SP3, EHD1 and HNRNPA2B1); and (3) 15 additional candidates mutated 
in <1% of patients (Fig. 1a and Supplementary Table 2). Notably, IKZF3 
(mutated in 1% of patients) is required for the generation of high-affinity 
long-lived plasma cells21 and is also a known driver of chronic lympho-
cytic leukemia (CLL)22 and diffuse large B cell lymphoma23. In individu-
als for whom no MM SNV driver event was found, at least one canonical 
initiating MM event was evident. These included either one of the 
known translocations, hyperdiploidy (trisomy of two or more of the 
odd-numbered chromosomes (3, 5, 7, 9, 11, 15, 19 or 21)), gain of 1q  
or deletion of 13q (Extended Data Fig. 1d). Next, we analyzed copy- 
number alterations and found 54 significant recurrently altered regions 

Fig. 1 | The MM-like score, derived from the somatic landscape of MM, places 
precancer stages on a gradual axis of progression toward overt disease.  
a, Waterfall plot illustrating the genomic architecture of MM and its precursors 
MGUS and SMM across mutation classes (SNVs, small indels, copy-number 
alterations, SVs and translocations) from a comprehensive collection and 
harmonization of tumor data (n = 1,030 patients). Samples are grouped by 
genetic subtypes from the International Myeloma Working Group (IMWG) 
classification: MAF (translocations of the MAF family of oncogenes), MMSET 
(translocations of the NSD2 gene), CCND (translocations of the cyclin D family 
of genes), hyperdiploid (trisomies of odd-numbered chromosomes) and 
unclassified (other genetic subtypes). Common drivers significantly enriched 
in MGUS/SMM are colored in green, and those significantly enriched in MM are 
colored in pink in the rightmost panel. The ‘MM-like’ score of a tumor is then 
defined as the sum of MM-like drivers minus the sum of MGUS/SMM drivers. 
FDR, false discovery rate; IgH/κ/λ, immunoglobulin heavy/kappa/lambda chain; 
n.s., not significant. b, Boxplot depicting a gradual increase in the MM-like score 
from MGUS (n = 37; median, 1) and SMM (n = 181; median, 2) to MM (n = 812; 

median, 3). c, In patients with SMM for whom IMWG classification 2/20/20 
was evaluable, boxplot showing an increasing MM-like score from low-risk to 
high-risk categories (low, n = 54; median, 1; intermediate, n = 32; median, 2; high, 
n = 64; median, 3). Kruskal–Wallis test, d.f. = 2, P = 1.99 × 10−5. Two-sided Dunn’s 
test for post-hoc comparisons: low versus intermediate risk: statistic = −1.48, 
q = 0.139; intermediate versus high: statistic = −2.41, q = 0.03; high versus 
low: statistic = −4.61, q = 1.24 × 10−5. d,e, Kaplan–Meier curve illustrating the 
probability of progression of untreated SMM to MM based on the MM-like score 
in WGS from this study (d) (n = 63, log-rank test statistic = 5.59, d.f. = 1, P = 0.02, 
Wald test for MM-like score strictly above median of 1, hazard ratio (HR), 5.3; 95% 
CI, 1.1–25; P = 0.03) and validated in an orthogonal dataset8 (e) (n = 87, log-rank 
test statistic 21.07, d.f. = 1, P = 4 × 10−6, Wald test for M-like score > 1, HR, 3.3; 95% 
CI, 1.8–6.2, P = 5 × 10−5). In boxplots, the center line represents the median, the 
box limits represent the upper and lower quartiles and the whiskers indicate 1.5 
times the interquartile range. Values exceeding whiskers appear individually as 
plain circles.

http://www.nature.com/naturegenetics


Nature Genetics | Volume 57 | June 2025 | 1493–1503 1495

Article https://doi.org/10.1038/s41588-025-02196-0

IMWG
Stage

Unclassified Hyperdiploid CCND MMSET MAF
Tr

an
sl

oc
at

io
n

Po
in

t m
ut

at
io

n
sm

al
l i

nd
el

C
op

y 
nu

m
be

r
ab

no
rm

al
ity

St
ru

ct
ur

al
va

ria
nt

Trisomies
t(11;14)(CCND1)
t(6;14)(CCND3)
t(12;14)(CCND2)
t(4;14)(MMSET)
t(14;16)(MAF)
t(14;20)(MAFB)
t(8;14)(MAFA)
t(MYC;IgH/κ/λ)
KRAS
NRAS
DIS3
FAM46C
BRAF
TP53
FGFR3
MAX
HIST1H1E
SP140
CYLD
DUSP2
PRDM1
TRAF3
IRF4
PTPN11
PRKD2
ATM
KLHL6
SAMHD1
LTB
IKZF3
CCND1
IKBKB
BCL7A
HIST1H1B
HNRNPU
TCL1A
RB1
PIM1
CDKN1B
EGR1
FIP1L1
SGPP1
SETD2
TRAF2
HIST1H1D
RASA2
NFKBIA
SP3
ACTG1
EHD1
SF3B1
HNRNPA2B1
RFTN1
ZNF292
+1q
+6p
–13q
–1p22.1
–1p12
–16q12.1
–4p16.3
–6q25.2
–13q14.3
–16q
–8p
–16p13.3
–1p32.3
–8q24.21a
–14q23.3
–14q31.1
–2q37.1
–20q13.12
–11q22.3
+18p
–8p23.3
+18q
–10q24.32
+1q21.2
–12q24.33
+16p13.13
–13q12.11
–8q24.21b
–6q15
–4q34.3
–13q31.2
–17q21.2
+3q26.2
+8q24.21
–22q12.1
–7p22.3
–12p13.33
TRAF3/AMN
NSD2
SP140/SP140L
PRSS2/MTRNR2L6
CDKN2C
WWOX (MAF)
PRR14L
MFF
EMSY
RB1 SV
SDCCAG8

0
5

10
15

N
um

be
r o

f
dr

iv
er

s

n = 1,03005010
0

Significance
–10log10(FDR)

*

*
*
*
*
*
*

*

*
*
*
*

*
*
*
*
*
*

*

*

*
*
*
*
*

*

–1 0 1 2

Association MM vs MGUS/SMM
(log odds ratio)

n = 37 n = 812n = 181

–1
0
1
2
3
4
5
6
7
8
9

10
11

MGUS SMM MM

M
M

-li
ke

 s
co

re
M

M
-li

ke
 s

co
re

n = 64n = 32n = 54

–1

0

1

2

3

4

5

6

7

8

9

Low Intermediate
2/20/20 risk

High

P = 2 × 10–5

0

0.25

0.50

0.75

1.00

0 1 2 3 4 5
Time (years)

Pr
ob

ab
ili

ty
 o

f
pr

og
re

ss
io

n

36 28 11 10 7 3
27 19 9 6 4 2Score > 1

Score ≤ 1
Number at risk

P = 0.03

0

0.25

0.50

0.75

1.00

0 1 2 3 4 5
Time (years)

Pr
ob

ab
ili

ty
 o

f
pr

og
re

ss
io

n

47 43 40 32 24 22
40 29 20 16 11 6Score > 1

Score ≤ 1
Number at risk

P = 0.00001

IMWG
Unclassified
Hyperdiploid
Cyclin D
MMSET
MAF

MGUS
SMM
MM

Enrichment

MGUS/SMM
Myeloma

n.s. (q > 0.1)

Driver typeStage

MM-like
Candidate

Structural variant
Predicted loss-of-function (LoF)
Not predicted LoF

e

d

c

b

a

http://www.nature.com/naturegenetics


Nature Genetics | Volume 57 | June 2025 | 1493–1503 1496

Article https://doi.org/10.1038/s41588-025-02196-0

of progression in a model stratified by cohort (HR, 2.8, 95% CI, 1.8–4.4; 
P = 7.6 × 10−6; Extended Data Fig. 2b). The MM-like score independently 
correlated with progression in the two validation cohorts8,9. In the 
WGS cohort, the overall multivariate model was just above signifi-
cance (P = 0.06), and the MM-like score had the highest HR estimate 
compared to the 2/20/20 risk classification variables (Extended Data 
Fig. 2c–e). Overall, we show that it is possible to define a simple genomic 
score that can be used to assess the risk of progression to MM and  
can be implemented in the clinic by discovering drivers of the  
disease and detecting those associated with the stage of the disease.

The MM-like score increases in serially sampled patients with 
SMM
We next assessed whether the MM-like score of serial samples from 
patients with SMM reflects their clinical course. To that end, we  
collected 47 serial tumor samples (bone marrow or circulating tumor 
cells) from 20 patients, taken at various time points (from diagnosis 
to progression) up to 54 months (Supplementary Table 5). Of these 
patients, 16 were originally from the PCROWD study and four were 
collected as an external validation cohort (patients GP1–GP4). We  
calculated the MM-like score for each sample and observed that the 
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score indeed captured the dynamic spectrum of the disease (Fig. 2a). 
For 11 out of 13 patients who did not progress, the MM-like score was 
stable over time. These included three patients with a follow-up time 
less than the first time to progression (10 months), suggesting that 
these patients probably did not have sufficient time to acquire an addi-
tional driver event and expand that subclone to a detectable level. 
Seven patients clinically progressed to MM, out of whom five also 

had an MM-like score that increased at the time of progression. One 
patient (GP3) who progressed to MM with a stable MM-like score had  
an elevated baseline score (4), and the last one (GP1) remains unex-
plained with genomic data alone. For the two remaining patients 
(SCI054 and SCI116), the MM-like score increased but they did not 
clinically progress (during the measured intervals). Still, one showed 
a doubling of free light chain ratio indicative of an underlying 
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significance was determined between each top hit and the subsequent models 
using a two-tailed corrected t-test on the values from the tenfold cross-validation, 
taking into account the interdependence of tests in a cross-validation setting. 
Panel created in part using BioRender.com. e, Bradley–Terry scores estimate 
(bootstrap mean and standard deviation of the log abilities) from the clonality 
league competition in MGUS/SMM (n = 218; green) and MM (n = 812; black). Green 
dots on the right represent events more likely to be subclonal in MGUS/SMM than 
in MM and, therefore, are acquired late in the evolution of the disease (that is, a 
higher Bradley–Terry score). Events +8q (MYC), −12p and −12q are significantly 
more clonal in the MM Bradley–Terry model than in the MGUS/SMM one, with  
an absolute difference in Bradley–Terry score of >1 (Supplementary Note 6).  
In boxplots, the center line represents the median, the box limits represent the 
upper and lower quartiles and the whiskers indicate 1.5 times the interquartile 
range. Values exceeding whiskers appear individually as plain circles.
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disease progression together with a bi-allelic TP53 inactivation, which 
rarely happens early in the disease development24. The increases in  
the MM-like score were a result of different driver events, includ-
ing acquiring KRAS (G13D), NRAS (G13D), deletion of 1p and gain of 
1q in the progressors and hyperdiploidy and deletion of 1p in two 
non-progressors, respectively (Fig. 2b,c and Supplementary Note 5).

Taken together, these data show the ability of WGS data and  
the MM-like score to successfully capture the acquisition of MM  
drivers and, using clonal dynamics, identify the subclones that prob-
ably acquired and expanded the drivers.

Molecular tumor age of MGUS/SMM
To further delineate the time of initiation and cell-of-origin for MM 
precursor disease25–27, we estimated an upper bound for the time of the 
onset of the disease based on passenger mutations that accumulate 
in a clock-like manner (Methods). In particular, we focused on the 91  
deep WGS tumors (14 MGUS, 46 SMM and 31 MM) with a clonal hyper-
diploidy event assumed to be the initiating event24,28. There was a wide 
range of estimated initiation ages, from 1 to 92 years old (median, 
35 years old). Interestingly, we found that the patient’s age at tumor 
initiation (that is, hyperdiploidy) correlated with the stage of the 
disease; the more advanced stages were initiated at a younger age 
(MGUS, 41 years old; SMM, 38 years old; MM, 31 years old; P = 0.0035, 
Fig. 3a). We could also estimate the age of each tumor by subtracting 
the tumor-initiating age from the patient’s age at the time of biopsy and 
confirmed that MGUS and SMM are younger tumors than MM (MGUS, 
16 years old; SMM, 21 years old; MM, 33 years old; P = 0.004; Fig. 3b  
and Extended Data Fig. 3a,b).

Next, in patients with MGUS or SMM, we wanted to test whether 
the tumor’s age is associated with progression to MM. Indeed, we 
found that progressors had significantly older tumors than patients 
with stable disease (median, 15-year-old tumor in stable disease  
versus 30-year-old in progressors; P = 0.007; Fig. 3c). Notably, the 
tumor’s age was independently associated with progression to  

MM when compared with 2/20/20 risk classification (OR, 1.95; 95% 
CI, 1.08–4.01; P = 0.04; Extended Data Fig. 3c). Together, these data  
show that WGS-based molecular clocks can be leveraged to differen
tiate disease severity and risk of progression and that the earliest  
oncogenic events of MM can occur in the first decades of life.

Common cell-of-origin of MGUS/SMM molecular groups
The local distribution of mutations is shaped by the epigenetic organi-
zation, which varies along the genome as well as across cell types. To 
elucidate the B cell differentiation stage at which MGUS/SMM acquired 
most of its mutations, we used the cell-of-origin prediction method, 
which leverages correlations between somatic mutation profiles and 
epigenetic tracks from healthy tissues29,30. We found that among healthy 
mature B cell types (germinal center, plasma and memory B cells), 
germinal center B cells were significantly more correlated with somatic 
mutations than early immature B cell types (naive B cells, P = 0.007; 
hematopoietic stem cells, P = 0.0002; corrected t-test). This suggests 
that most passenger mutations are acquired during the later stages of 
B cell differentiation (Fig. 3d). Notably, the cell-of-origin predictions 
were comparable across MM subgroups (all coefficients of determi-
nation >0.5) and stages (all coefficients of determination >0.6) and 
remained consistent when we used early mutations only; that is, ones 
obtained before genomic amplifications (Extended Data Fig. 4a). Of 
note, we could not find a significantly different correlation between 
germinal center B cells and plasma cells in MM and its precursors, unlike 
in non-Hodgkin lymphoma and CLL from the International Cancer 
Genome Consortium (Extended Data Fig. 4b,c). Overall, this suggests 
that most mutations in these three neoplasias with a rearranged B cell 
receptor are acquired during mature B cell differentiation stages and 
confirms that only MM also acquires mutations in the plasma cell stage.

The order of acquisition of events across disease stages
Next, we wondered whether the order of acquisition of genetic abnor-
malities has a role in the progression to MM. To answer that question, 
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SBS5/40 and SBS1, AID/SHM signatures SBS9, SBS84 and SBS85, and APOBEC 
signatures SBS2 and SBS13) in all patients across the MM disease spectrum. 
Only deep WGS were used; samples from the CoMMpass study were excluded. 
Total of clonal mutations: clock-like, n = 14,996 out of 24,780, median, 69% per 
participant; AID/SHM, n = 11,415 out of 15,636, median, 71% per participant; 
APOBEC, n = 49,566 out of 101,922, median, 30% per participant. The center line 
represents the median, the box limits represent the upper and lower quartiles 
and the whiskers indicate 1.5 times the interquartile range. Values exceeding 
whiskers appear individually as plain circles. *P < 0.05, ****P < 0.0001. P values 
are from Dunn’s test for pairwise, two-sided comparisons and were adjusted with 
the Holm–Bonferroni procedure: clock-like versus AID: P = 1.15 × 10−2; clock-like 
versus APOBEC: P = 2.6 × 10−7; AID versus APOBEC: P = 7.75 × 10−13.
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we developed a Bradley–Terry model based on the clonality levels of 
MM copy-number drivers that we termed ‘clonality league comparison’ 
(Methods). In this model, each MM-driver event is given a Bradley–
Terry score that reflects the probability that such an event is found 
in smaller subclones than others. This allowed us to rank MM-driver 
events: those that are most often clonal have the lowest Bradley–Terry 
score, and events that are thought to happen late in cancer develop-
ment have higher Bradley–Terry scores. Then, to test whether the 
order of acquisition of events differs between the MGUS/SMM and MM 
stages, we compared the distributions of Bradley–Terry scores between 
both models (that is, between the MGUS/SMM and MM Bradley–Terry 
models). We identified three events with higher Bradley–Terry scores 
in the MGUS/SMM league model than in the MM one; that is, events 
that are late in MGUS/SMM and earlier in MM (q < 0.1; MGUS/SMM 
score − MM score > 1): gain of 8q24 (MYC), deletion of 12p and deletion 
of 12q (Fig. 3e, Extended Data Fig. 5a–c, Supplementary Table 7 and 
Supplementary Note 6). Of those, MYC and deletion of 12p were also 
captured by our MM-like score. Deletion of 12q correlated with deletion 
of 12p in single chromosome deletions, but the event did not reach sig-
nificance alone in the MM-like score (q > 0.1). No event was significantly 
later in MM relative to MGUS/SMM. Overall, our Bradley–Terry model 
further supports the role of MYC abnormalities and potentially other 
MM drivers to provide a proliferation advantage toward overt disease.

Mutational processes and signatures in the MM spectrum
In addition to the sequential acquisition of genetic abnormalities, muta-
tional processes could influence the transformation to MM. To discover 
and quantify mutational processes, we first used hierarchical Dirichlet 
processes31 to identify mutational signatures in the WGS data. Then, we 
associated them with known signatures from the Catalogue of Somatic 
Mutations in Cancer (COSMIC) (Fig. 4a and Methods)32. We found 21 

signatures in our dataset, of which 13 also matched COSMIC signatures 
and accounted for >80% of the total mutation burden: somatic hyper-
mutation and activation-induced cytidine deaminase (SHM/AID): SBS9, 
SBS84, SBS85; APOBEC: SBS2, SBS13; clock-like: SBS1, SBS5/40; reactive 
oxygen species signature SBS18 and signatures of unknown etiology  
SBS8, SBS16, SBS17a and SBS17b (Fig. 4a, Supplementary Table 8 and 
Supplementary Note 7). Of those, we could validate that APOBEC 
signatures were enriched in the MAF subgroup33, and we report a  
positive association between SBS8 and the cyclin D (CCND) group 
independent of the disease stage (Extended Data Fig. 6).

Next, and in line with data from CLL34, we found that three signa-
tures associated with SHM/AID activity (SBS9, SBS84 and SBS85) were 
highly enriched in clustered mutations (<1,000 base pairs from each 
other; Fig. 4a, second row), and the association was even stronger when 
we looked only at the immunoglobulin loci (Fig. 4a, third row). Mutations 
associated with SHM/AID and clock-like signatures were mostly clonal35 
(median cancer cell fraction > 0.85: 71% and 69%, respectively; Fig. 4b). 
On the contrary, mutations that we associated with APOBEC activity were 
primarily found in subclones (median cancer cell fraction > 0.85: 30%). 
Furthermore, we could not find strong evidence of APOBEC activity  
in early mutations. Instead, early mutations were strongly enriched 
with clock-like signatures SBS1 and SBS5/40 in addition to SBS9 (AID), 
which is coherent with the phenotypically normal expansion of a B cell 
population before the emergence of an MGUS/SMM clone (Fig. 4a,  
last row). This suggests that cancer-like mutational processes (APOBEC 
and reactive oxygen species) increase after acquiring the initiating  
event of MGUS/SMM, which then gradually develops into MM.

Candidate drivers in hotspots of structural variation
We next searched for cancer driver genes that are affected by SVs. 
To do so, we developed a statistical method that analyzes SVs in the 
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P value adjusted for false discovery rate).
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neighborhood of each gene and estimates whether SVs are causing 
loss-of-function events more often than expected by chance (Methods). 
Overall, we analyzed the 969 patients with WGS data and identified  
11 candidate SV drivers (Fig. 1a, Extended Data Fig. 7a and Supplemen-
tary Table 9). Of the 969 patients, 300 (31%), spanning all stages of  
MM, had at least one candidate SV driver event. In addition to the  
known immunoglobulin heavy-chain (IgH)-initiating translocations 
that are associated with MM subgroups (NSD2/MMSET in t(4;14), 
WWOX, a fragile site proximal to MAF in t(14;16)), our method detected  
nine candidates. This list includes four known drivers that are com-
monly affected by copy-number alterations (CDKN2C, SP140, RB1  
and TRAF3) as well as five new ones (EMSY, MFF, PRR14L, PRSS2 and  
SDCCAG8; Extended Data Fig. 7b). Except for the two IGH transloca-
tions, SV driver mutations were less common in MGUS/SMM genomes  
(8%; CI, 4–13%) than in MM (27%; CI, 24–30%; P = 4 × 10−6).

The close neighborhood of all SVs was enriched with mutations 
attributed to the AID and APOBEC signatures (<10,000 base pairs; 
80%; Fig. 5a, middle row), and the association was even stronger among  
SV drivers alone (88%; Fig. 5a, bottom row). We could differentiate 
between two categories of SVs: those involving immunoglobulin loci 
(IGLL5, MMSET, CCND, MAF) were highly enriched in AID, suggest-
ing that they probably arose from translocations generated from 
double-strand break repairs in the germinal center that happened 
during late B cell differentiation (Fig. 5b). On the contrary, we found 
that all of the other seven SV drivers with mutations found in their 
neighborhood were enriched with APOBEC signature mutations  
(SBS2 and SBS13), which are not found in normal physiological B cell 
development and are often generated when single-stranded DNA 
overhangs are present during SV formation (Fig. 5b)36.

As our algorithm to discover MM SV drivers focused on probable 
loss-of-function events, it did not capture the MYC translocation events. 
MYC translocations are known to influence MM disease progression 
and have been reported at various frequencies across precursor stages 
(from 0% to 24% (refs. 9,37,38)). In our study, we observed transloca-
tions of MYC in 9 out of 157 MGUS/SMM patients with WGS data, for 
an estimated frequency of 5.7% (CI, 2.8–11%). Similar to MM, both 
immunoglobulin (IgH, Igλ, Igκ) (n = 3) and non-immunoglobulin part-
ner (n = 6) genes for MYC translocations were found. The most common 
non-immunoglobulin partner was BMP6/TXNDC5 (Fig. 5c). However, 
in the MGUS population, MYC was notably rare (none in the PCROWD 
study and one progressor case from another study38; Fig. 5d), confirm-
ing the known increased risk of transformation associated with MYC 
events (Fisher’s exact test, P = 9.3 × 10−5). Overall, this shows that struc-
tural variation data from WGS can be used to discover cancer drivers  
and associate them with clonal evolution and disease progression.

Non-coding candidate drivers and B cell biology
Next, we leveraged the DIG algorithm39 to discover non-coding MM 
candidate drivers. We found 66 non-coding elements to be significantly 
recurrently mutated across MGUS/SMM and MM (q < 0.05; Fig. 6a).  
Of those, 18 were in long non-coding and micro RNA and their pro-
moters, 15 were in the 3′ and 5′ untranslated regions (UTRs) of  
coding genes, 13 were in promoter regions of coding genes, one was 
in an enhancer region proximal to TXNDC5, 12 were found in immuno-
globulin regions and seven were considered mapping or sequencing 
artifacts after manual review (Supplementary Table 10).

A total of 28 candidate elements could be directly associated with a 
coding gene target (3′-UTR, 5′-UTR, promoter), of which 17 were found 
mutated across MM subgroups and also in mature B cells30 (BACH2 
promoter and 5′-UTR, BCL6 promoter and 5′-UTR, BCL7A 5′-UTR and 
so on; Fig. 6a, left). The AID signatures SBS9 and SBS85 were enriched 
in these 17 elements, consistent with off-target AID activity that 
could occur during normal B cell differentiation; we postulate that 
these mutations are less likely to drive cancer progression. Out of the  
11 remaining non-coding elements, six were located in known MM 

drivers or key genes (promoter and 5′-UTR of CCND1, promoters of 
ILF2, 5′-UTR of EGR1, 3′-UTRs of BMP6 and TXNDC5); and five remain 
to be investigated (promoter and 5′-UTR of DTX1, promoter of STRIP1, 
3′-UTRs of BTG2 and SYBU).

Next, we associated the candidate drivers with mutational  
signatures and MM subtypes. For instance, the CCND1 promoter 
and 5′-UTR were hypermutated only in the CCND subtype and are  
marked by SHM/AID activity (Fig. 6a, bottom rows). This suggests that 
the translocation occurred before the SHM and class-switch recombi-
nation in some cases. Conversely, the ILF2 promoter on chromosome 
1q21.2 was mutated exclusively in tumors from the MAF subgroup (n = 9 
out of 33 of MAF (27%) among the 177 cases with deep WGS; Fisher’s 
exact test P = 1.0 × 10−7) and was enriched with the APOBEC signature 
(Fig. 6b) in a CTCF binding peak region (Extended Data Fig. 8). The 
majority of ILF2 promoter mutations were clonal (11 out of 12 muta-
tions found in nine patients; Fig. 6c) and spanned all disease stages 
(two MGUS, six SMM and one MM). Finally, we found that tumors with 
ILF2 promoter mutations have a higher expression of ILF2 and of three 
other genes in the same topologically associated domain (SNAPIN, 
S100A4 and S100A6) compared to wild-type cases, independent of  
1q gains, and using 589 samples from the CoMMpass study with 
ILF2 promoter coverage40 (ILF2, P = 0.018; Fig. 6d,e, Extended Data 
Fig. 9a,b and Supplementary Table 12). Altogether, we provide a list of 
non-coding candidate drivers for MM and a dictionary of B cell-specific 
off-target mutations reflecting the B cell to plasma cell differentiation.

Discussion
Over the last two decades, the genome of overt MM has been extensively 
characterized. However, a comprehensive map of the transformation 
from premalignancy to overt disease was lacking. In this study, we 
analyzed a large cohort of untreated MGUS and SMM using WGS to 
understand clonal evolution from the earliest genetic abnormalities 
found in MGUS to active cancer.

Notably, we reveal somatic coding and non-coding driver muta-
tions, structural variations, signature activities and genetic heteroge-
neity already present at the earliest precancer stages of MM. Building 
on these observations, we developed the MM-like genomic score, 
combining 17 genomic events, which can be used to place patients 
along a trajectory of disease progression and to identify high and 
low-risk patients in a data-driven manner. This score, based on point 
mutations, copy-number alterations and canonical translocations, 
can be measured using sequencing of targeted panels as well as whole 
exomes and whole genomes, and can be applied to existing cohorts 
with treatment outcomes.

Our data suggests that the MM-like score can change within 
1–2 years in untreated patients, influencing the choice of frequency of 
measurement. In treated patients, this frequency could be adjusted to 
detect and monitor emerging subclones41,42. As bone marrow biopsies 
are often not repeated in the same patient, particularly in the precur-
sor stages, circulating tumor cells or cell-free DNA could potentially 
replace the need for such biopsies18,43–49.

Like the classical trajectory of CLL50 and head and neck cancers51, 
we propose an order of acquisition of events for MM and its precursor 
conditions, where deletions of 12p and 12q, MYC abnormalities and 
MAPK pathway mutations occur late. In our model, which we named 
‘ladder climbing’, these events are acquired stepwise and push tumor 
cells closer to a cancerous state.

Our refined tumor age estimates suggest that the first oncogenic 
events occur in the second or third decades of life for both MGUS 
and SMM, aligning with findings in other hematological malignan-
cies52. This tumor age also indicates that by the time MGUS and  
SMM patients are diagnosed clinically, the tumor lifetime would  
already be 20–30 years old. The clinical diagnosis of MGUS/SMM in 
our study, rather than the screened diagnosis, could explain this late 
tumor initiation compared to MM53. This tumor age may be a better 
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predictor of progression time and could eventually be included in the 
MM-like genomic score.

In 2014, the International Myeloma Working Group reclassified 
some SMM as MM based on the ‘nearly inevitable’ progression to  
symptomatic disease54. Whether some MGUS/SMM should be cate
gorized into MM based on their genomic features and whether treat-
ments will be effective in this population remain open questions under 
investigation (for example, ClinicalTrials.gov IDs: NCT04775550, 
NCT05469893 and NCT05767359)55.

Our study also describes significant non-coding drivers in  
MM and its precursor stages, which were mostly found in or near  
established myeloma drivers. These findings suggest that non-coding 
mutations, as well as non-genetic factors such as epigenetic changes, 
could have a critical role in pushing myeloma precancerous lesions 
toward malignancy55,56.

Although to our knowledge, our study provides one of the  
largest analyses of whole-genome data for MM and its precursor con-
ditions, more longitudinal samples per patient could further refine 
our models. Eventually, data from a clinical-grade WGS would replace 
fluorescence in situ hybridization (FISH) and reliably detect emerging 
high-risk subclones, including in treatment settings42,57,58.

In summary, we provide a model of clonal evolution for MM  
precursor conditions that indicates a ‘ladder-like’ acquisition of  
events over time, which we combined into a genomic score available  
as a biomarker tool to improve risk assessment and stratification.

Online content
Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author contri-
butions and competing interests; and statements of data and code avail-
ability are available at https://doi.org/10.1038/s41588-025-02196-0.
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Methods
Patient sample collection and plasma cell enrichment
Bone marrow samples were collected from the PCROWD study at the 
Dana-Farber Cancer Institute (IRB number 14-174; NCT02269592). All 
patients provided written informed consent for the collection and 
research use of bone marrow samples. Research studies were carried out 
in accordance with the Declaration of Helsinki. The Research Electronic 
Data Capture (RedCap) solution was used to aggregate sample-level 
and participant-level study data61,62. Bone marrow samples were 
drawn into heparinized EDTA tubes before mononuclear cell isola-
tion (SepMate, STEMCELL Technologies) and subsequent plasma cell 
selection using CD138 magnetic-activated cell sorting (MACS; Milte-
nyi Biotec). Enriched plasma cell counts and viability of MACS-sorted 
bone marrow samples were assessed by trypan blue exclusion on an 
automated cell counter (Invitrogen Countess 3, Thermo Fisher Scien-
tific). In patients with low tumor burden, we also used a standardized 
CellSearch platform for tumor cell enrichment followed by FACS for the 
CD38+CD138+CD19−CD45− immunophenotype (Supplementary Note 
2)18. Each patient also had peripheral blood processed for isolation of 
peripheral blood mononuclear cells. Samples were cryopreserved for 
subsequent downstream molecular analyses. Patients with bone marrow 
biopsies had FISH studies performed at clinical pathology laboratories.

DNA library construction and sequencing
Genomic DNA isolation, library construction and sequencing were 
performed as previously described18,63. For DNA isolation, we used the 
Monarch Genomic DNA Purification Kit (New England Biolabs (NEB)). 
Yields from DNA isolation from both tumor plasma cells and normal 
peripheral blood mononuclear cells were quantified using a Qubit 3.0 
fluorometer (Thermo Fisher Scientific). Then, DNA sequencing libraries  
were prepared using the NEBNext Ultra II FS DNA Library Prep kit (NEB) 
with unique dual index adaptors (NEBNext Multiplex Oligos) with 
50–100 ng of input DNA material. Final library fragment sizes were 
measured with the BioAnalyzer 2100 (Agilent Technologies), and con-
centrations were quantified by a Qubit 3.0 fluorometer (Thermo Fisher 
Scientific) and qPCR (KAPA Library Quantification Kit) before pooling. 
Final sample libraries were normalized and pooled for matched tumor 
and normal WGS. WGS was performed at the Genomics Platform of 
the Broad Institute of MIT and Harvard on an Illumina NovaSeq 6000 
instrument. Flowcells ‘S4’ were used in a 2 × 150 bp paired-end read 
sequencing configuration.

WGS analyses
After sequencing and library demultiplexing, reads were aligned to the 
GRCh38 reference genome with BWA MEM (v.0.7.15) (-K 100000000 
-p -v 3 -t 16 -Y parameters)64. After marking duplicates, base quality 
scores were recalibrated with GATK 4.2 BQSR without base quality 
quantization. The analysis of aligned sequences was performed with 
the Cancer Genome Analysis workflow from the Cancer Program at 
Broad Institute of MIT and Harvard on an in-house cloud-based HPC 
system named wolF as follows:

Mutations were detected with MuTect65 for SNVs, and with 
Strelka266 for small indels. Candidate mutants were filtered through 
a Panel of Normals consisting of peripheral blood mononuclear 
cells processed with the same library preparation protocol20, for ori-
entation bias inducing artifact (8-oxoguanine and formalin-fixed, 
paraffin-embedded)67, for mapping artifacts with the BLAT realign-
ment68 and for enzymatic shearing of cruciform variant artifacts19. 
deTiN69 was used to estimate the tumor-in-normal contamination rate 
and rescue candidate mutations accordingly under 10%. Fingerprinting 
was used to confirm matching tumor–normal pairing70. ConEst71 was 
used to detect exogenous contamination. Candidate mutations were 
also matched against the bovine genome with BLAT to ensure samples 
were not contaminated from other species72. Finally, candidate muta-
tions were annotated with GATK Funcotator (v.1.7).

Allelic copy-number ratios were calculated with the Allelic-
CapSeg59 method, which clusters together copy-ratio segments and 
allelic imbalance obtained from the variant allele frequencies of  
heterozygous SNPs from the matched normal. ABSOLUTE59 was used 
to estimate purity, ploidy and cancer cell fraction of mutations and 
copy-number ratios, and all solutions were manually reviewed. When 
several samples were available for the same participant, subclonal 
structures were deciphered with the PhylogicNDT suite of tools51,73.

SVs were detected with Manta74, SvABA75 and dRanger/Break-
Pointer76. Consensus lists of candidate SVs were then established as 
previously described77 with the exception of the 10% variant allele 
frequency filter, which was set to 0% to increase sensitivity to detect 
immunoglobulin rearrangements. Finally, all candidate SVs from the 
deep WGS cohorts were manually reviewed with IGV78.

Discovery of driver candidates (except SVs)
To detect candidate coding drivers, we first selected one sample per 
patient to avoid double-counting of events (the earliest sample was 
chosen). The list of candidate drivers from point mutations and indels 
was established with the MutSig2CV method20. Copy-number hotspots 
and associated genes were discovered with the GISTIC2.0 method79. 
After repeatedly resampling and running MutSig2CV and GISTIC2.0 
on subsets of the cohort (with as few as ten patients), we modeled 
the number of drivers for each category of drivers (those found in 
<1%, 1–2%, 2–3%, 3–4%, 4–5% and >5% of patients) with logistic regres-
sion on the number of samples to test whether the number of drivers 
discovered plateaus at around 1,000 unique samples (Extended Data 
Fig. 1). We used the DIG method to discover non-coding hotspots of 
mutations (candidate drivers)39. In brief, the DIG algorithm models 
constant mutation rates along the genome and identifies non-coding, 
annotated elements from the PCAWG dataset80 that are more mutated 
than expected by chance after adjusting for their sequence context and 
the overall mutation rate of the cohort. Then, candidate drivers were 
flagged if they were found recurrently mutated (≥2 samples) in WGS 
data from normal lymphocytes30.

Discovery of SV candidate drivers
Candidate SV drivers were determined using SVelfie81, a computa-
tional algorithm that seeks to discover enrichment of probable 
loss-of-function SV events on a per-gene basis. SVelfie creates a con-
tingency table estimating the probabilities of all possible types of SVs 
for a given gene (that is, whether each breakpoint of the SV putatively 
ends up in an exonic, intronic, 5′-UTR, 3′-UTR, promoter or intergenic 
region, and whether both breakpoints are local to that gene) based on 
how SV breakpoints would be annotated to that gene using the annota-
tor of dRanger (see above). Such a contingency table is computed for 
cases in which at least one breakpoint of an SV is within one megabase 
of the given gene, and it assumes a uniform distribution of breakpoints 
local to the gene. The probability of both breakpoints being local to a 
gene is based empirically on how frequently an SV is deemed to have 
both breakpoints within 1 Mb of a gene for the set of genes being tested 
by SVelfie. From this information, a subset of the events in the contin-
gency table are categorized as probable loss-of-function to the gene, 
based on specific breakpoint combinations of an SV event that would 
putatively disrupt the coding region for a gene and lead to loss of its 
function. The corresponding probabilities of such loss-of-function 
events from the contingency table are summed, giving an estimated 
probability of a given gene losing its function for having an SV with at 
least one breakpoint local to it. Then, using this probability, a binomial 
test is performed to determine whether there is significant enrichment 
of probable loss-of-function events for the gene, and multiple test cor-
rection is applied among a starting list of genes being tested by SVelfie, 
using the Benjamini–Hochberg false discovery rate procedure.

To quantify mutational signatures present specifically in the vicin-
ity of candidate SV drivers (see below), we extracted point mutations 
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that were found within 10 kb of SV breakpoints. Then, for each candi-
date SV driver, we calculated the proportions of mutational signature 
loadings among all such mutations for each gene by averaging their 
respective probabilities.

Mutational signature extraction and deconvolution
Mutational signatures were extracted from SNVs across all donors using 
a Bayesian hierarchical Dirichlet process (hdp package, https://github.
com/nicolaroberts/hdp)31. If a given donor had multiple different 
tumor samples sequenced, SNVs were grouped into pseudo-samples 
based on their presence or absence across samples, such that a given 
SNV was only counted once. SNVs were further divided into three cate
gories, each forming a further pseudo-sample: SNVs within immuno-
globulin genes, clustered SNVs with an inter-mutational distance of less  
than 1,000 bases and other SNVs. SNVs were collapsed into their 96 
counts of base change within their trinucleotide context. The hierarchy 
used by hdp consisted of (pseudo-)samples grouped by donor. The hdp 
algorithm was run in 20 different chains, for 40,000 iterations with a 
burn-in of 20,000 iterations, as previously described82.

The resulting extracted signatures were further compared to the 
reference COSMIC signatures (v.3.3)32. Each signature extracted by hdp 
was modeled as a linear combination of reference signatures previously 
described in lymphoid cancers32 or normal lymphocytes30 using an 
expectation-maximization algorithm, as previously described82. If the 
cosine similarity of the extracted signature and reconstructed signa-
ture exceeded 0.85, the extracted hdp signature was replaced with its 
constituent COSMIC reference signature. If not, the hdp signature was 
kept as an unmatched mutational signature (Supplementary Note).

Timing of hyperdiploidy
The acquisition of (sub-)chromosomal duplications can be timed using 
the relative ratio of duplicated and non-duplicated SNVs83. In brief, 
this ratio can be estimated using a binomial mixture model84 on the 
counts of variant supporting reads and total depth on the chromosomal 
regions affected by duplications, taking into account the purity of the 
tumor and the local copy-number profile. From these ratios, the relative 
timing can be calculated:

T = CM + Cm
CM + PND

PD

,

where CM and Cm are the major and minor copy numbers, respectively, 
and PD and PND  are the proportion of mutations assigned to the  
duplicated or non-duplicated copy number. The timepoint of duplica-
tion will be a number between 0 and 1, the former representing the 
zygote and the latter the most recent common ancestor to the clone; 
that is, MGUS, SMM or MM. For purposes of practicality, the 1 is often 
taken to represent the time of sampling, which will give an upper bound 
of the timing of the hyperdiploidy. Then, this fraction and its confi-
dence interval are converted to actual age at initiation52,83,84 by multiply-
ing them by the patient’s age at the time of biopsy, assuming this  
time is conflated with the time at which the most recent common  
ancestor clone existed. Note that this approach assumes a constant 
mutation rate before and after duplications. Therefore, only SNVs that 
were most likely to be attributed to SBS1 and SBS5 (both clock-like 
signatures) were used for the timing analysis.

Ordering of events with a Bradley–Terry model
To accommodate low rates of whole-genome duplications and a  
high fraction of low-depth WGS from the CoMMpass data, we adapted 
a method to estimate the relative ordering of acquisition of events 
based on their relative clonality. As copy-number abnormalities from 
GISTIC2.0 peaks are often found in different patients, we used a  
Bradley–Terry model85 (League model) to allow comparison of events, 
even if they are not found together in the same sample. In particular, 

the input matrix of the Bradley–Terry model was modified based on 
known abnormalities in MM (that is, hyperdiploidy is a single event) 
and on the precision of WGS (that is, points are assigned to ‘winner’ 
copy-number alterations only if the difference in clonality between 
two samples is significant; see Supplementary Note 6). Then, the stan
dard Bradley–Terry formulas were used to compute log abilities  
using the BradleyTerry2 R package86. In brief, genomic abnormalities 
i ∈ {1,… ,K}  are described with their log ability (or Bradley–Terry  
score) βi = log (αi). The probability pij that i has higher clonality levels 
than j  in the model is expressed as the ratio of their abilities αi

αj
, or 

alternatively, in its logarithmic form:

log (
pij

1 − pij
) = βi−βj.

The log abilities βi  are estimated by maximum likelihood 
estimation:

lik (β1,… ,βK) =
n
∏
m=1

pYmimjm (1 − pimjm )
1−Ym ,

where n comparisons of genetic abnormalities (i1, j1) ,… , (in, jn)  are 
played and Ym is the outcome of the mth comparison Ym ∈ (0, 1).

Then, we ran the same Bradley–Terry model in the MGUS/SMM 
‘League’, versus in the MM ‘League’, and therefore termed the method 
‘clonality league comparison’. Bradley–Terry estimates (log abilities)  
were compared with a two-tailed t-test. The leagues include MM- 
specific initiating events (hyperdiploidy), arm-level copy numbers  
and significant GISTIC2.0 peaks. Events with an absolute difference 
in Bradley–Terry estimate of 1 and adjusted q < 0.1 were considered 
significant.

Cell-of-origin prediction analysis
We followed a previously described29,30 methodology with some modi-
fications. In brief, aggregated genome-wide somatic tumor mutation 
density was modeled from chromatin immunoprecipitation followed 
by sequencing (ChIP–seq) reads of normal B cell types using random 
forest regression with tenfold cross-validation. For each tumor muta-
tional profile, we trained a separate model using all ChIP–seq pro-
files associated with each B cell type, combining the two replicates. 
Clonal and subclonal tumor mutations were counted in 2,125 1 Mb 
genomic windows, and, in addition to the previously reported excluded 
regions, we now also excluded the windows spanning the heavy (IgH) 
and light (Igκ and Igλ) chains. B cell type epigenetic data with repli-
cates were collected from IHEC and EnCODE (ERS663722, ERS663732, 
ERS643304, ERS728717, ERS663728, ERS728718, CEMT0032.gDNA, 
ENCDO412QUR, CEMT0135.gDNA, CEMT0134.gDNA) using the  
following ChIP–seq histone modification tracks: Control, H3K27ac, 
H3K27me3, H3K36me3, H3K4me1, H3K4me3 and H3K9me3. Statisti-
cal significance was determined between each top hit and the subse-
quent models using a two-tailed corrected t-test on the values from the  
tenfold cross-validation, accounting for the interdependence of  
tests in a cross-validation setting.

Genomic data collection
Next-generation sequencing data from previous MM studies were 
analyzed with the same methods as above to ensure harmonized 
collection of data for comparative analyses, including WGS of the 
Multiple Myeloma Research Foundation (MMRF) CoMMpass data-
base40 (dbGAP accession number phs000748.v1.p1, n = 792), of 
our group18 (phs003084.v1) and others38,87 (EGAD00001006363, 
EGAS00001004467). For WGS from the MMRF CoMMpass, which has 
been sequenced with three different library construction methods, 
we built one Panel of Normals for each method using matched normal 
samples with no tumor-in-normal contamination and excluding the  
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5% lowest fragment size and depth of coverage (Illumina TruSeq, 
Kapa and KapaHyper). Whole-exome sequencing data matched to the  
shallow WGS from the MMRF CoMMpass study were analyzed with the 
Cancer Genome Analysis pipeline as previously described8 and used to 
detect coding mutations in these samples. Data analyzed from a previ-
ous study were obtained from the original publication8: translocations 
with FISH, mutations and copy-number profiles from whole-exome 
sequencing8. For the molecular timing of MM, processed mutation 
counts and copy-number estimates were obtained from additional 
hyperdiploid genomes in public repositories EGAD00001003309 
and phs000348.v2.p1.

Statistical analyses
Statistical analyses have been conducted as previously described18: 
median and interquartile ranges are reported to describe quantita-
tive variables unless otherwise stated. The significant difference in 
average between multiple groups was tested with the Kruskal–Wallis 
test, followed by Dunn’s post-hoc tests. When only two groups were 
compared, the Wilcoxon test was used. Means are given with their 95% 
CIs unless stated otherwise, when they are estimated from random 
processes. The significant difference in event frequency between 
multiple groups was tested with a χ2 Pearson test or Fisher’s exact test, 
where appropriate. In survival analyses, patients were stratified per 
the median of quantitative variables, and time-to-event was calculated 
from the sampling date to the date of clinical progression to MM or 
death of any cause, whichever happened first. Patients were censored 
at the date of last clinical follow-up, or at the start of treatment for 
MGUS/SMM, where appropriate. Cox regression models were tested 
with the log-rank test. P values were adjusted with the false discovery 
rate control procedure from Benjamini and Hochberg and are pro-
vided as q-values88; q < 0.05 was considered statistically significant 
(or <0.1 for genomic driver discovery; see above). For boxplots, we 
used the default median for center line, upper and lower quartiles 
for box limits, 1.5× interquartile range for whiskers and points for 
remaining outliers.

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

Data availability
The sequencing data presented in this publication are available on the 
dbGAP archive database for sequencing data (dbGAP phs003846.v1). 
Data from the previously published CTC cohort are publicly available 
(dbGAP phs003084.v1). Data from the MMRF CoMMpass database 
were downloaded from the National Cancer Institute Genomics Data 
Commons website linked to dbGAP (accession number phs000748). 
Additional WGS from the literature were downloaded from the Euro-
pean Genome–Phenome Archive and dbGAP (EGAD00001006363, 
EGAS00001004467, EGAD00001003309 and phs000348.v2.p1). 
Mutation data from CLL and non-Hodgkin lymphoma were obtained 
from the study of Kübler and colleagues29. B cell type epigenetic data 
with replicates were collected from IHEC, Blueprint and EnCODE and 
accessed through IHEC Data Portal (https://epigenomesportal.ca/
ihec/grid.html; sample names ERS663722, ERS663732, ERS643304, 
ERS728717, ERS663728, ERS728718, CEMT0032.gDNA, ENCDO412QUR, 
CEMT0135.gDNA and CEMT0134.gDNA) using the following ChIP–seq 
histone modification tracks: control, H3K27ac, H3K27me3, H3K36me3, 
H3K4me1, H3K4me3 and H3K9me3. ChIP tracks from the ENCODE 
Project89 were downloaded from the ENCODE website (https://www.
encodeproject.org; ENCODE experiment numbers GM12878: CTCF: 
ENCSR000DZN, H3K27Ac: ENCSR000AKC. NCI-H929: CTCF: ENCS-
R634OAQ, H3K27Ac: ENCSR368CYW. MM.1S: CTCF: ENCSR402IDP, 
H3K27Ac: ENCSR758OEC. KMS-11: CTCF: ENCSR430YRJ, H3K27Ac: 
ENCSR955IXZ).

Code availability
The code used to generate analyses and figures for this paper is stored 
on GitHub and Zenodo in the following repositories: for main figures  
and data collection, https://github.com/jalberge/ms-wgs ref. 90. 
Code for the clonality league comparison and Bradley–Terry models 
is available at https://github.com/andrea-poletti-unibo/MS_TiMMing 
ref. 91. The method to discover significant SV drivers and probable 
loss-of-function events, SVelfie, is available at https://github.com/
getzlab/SVelfie/releases/tag/v0.0.1 (ref. 92).
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Extended Data Fig. 1 | Sensitivity, saturation analysis for driver discovery and 
distribution of drivers across MM stages. a) Binomial power analysis showing 
sensitivity to detect candidate point mutation drivers according to the number 
of independent tumors-normal (TN) pairs sequenced (50 to 5,000) for diverse 
ranges of mutation frequencies ( > 1%, >2%, >3%, >4%, >5%, >10%), and following 
the procedure in Lawrence et al.20. Dashed line represents the 90% detection 
power. b) Number of candidate point mutations drivers found by MutSig2CV 
analysis across different frequencies of mutation (each color represents a 
frequency range for a driver to be mutated in the population as indicated on 
the graph legend). Each dot represents a random sampling of N participants of 
the full cohort from N = 10 to 1,030. Saturation curves are modeled by logistic 

regression. c) Saturation analysis for candidate driver discovery based on focal 
copy-number abnormalities by the GISTIC2 algorithm with axes and modeling 
similar to panel B. d) Copy-number and structural variants in patients without 
MM-driver point mutation detected (N = 209; MGUS: 21, SMM: 83, MM: 105). 
Two participants (MMRF_2153 and SMM_102_Tumor) had driver copy-number 
detected below the cutoff used in this study (MMRF_2153: del(13q, 13%), 
SMM_102_Tumor: del(16q), 10%, compared with 14% or 0.1 units of log2ratio).  
e) Distribution of the number of MM drivers found mutated per disease stage  
and medians 0, 1, 2 for MGUS, SMM, and MM, respectively. Total number of 
patients: MGUS: 37; SMM: 181; MM: 812.
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Extended Data Fig. 2 | Clinical significance of the MM-like score and time to 
progression from SMM to MM. a) Kaplan-Meier curves from progression-free 
survival in SMM from an external validation cohort (N = 77; ref. 9) with deep 
target sequencing panels (copy number abnormalities excluded, HR = 1.8, 
CI95% = [1.1-3.0], P = 0.03). b) Hazard ratios and 95% confidence intervals for a 
Cox regression to model time to progression with MM-like score > 1 and 2/20/20 
risk system stratified by study of origin (n = 225). c-e) Hazard ratios and 95% 

confidence intervals from the Cox proportional hazard models for progression 
to MM with MM-like score ( > 1 versus ≤1) and 2/20/20 clinical risk stratification 
(reference: low) as predictors, for this study (c), Bustoros et al. (ref. 8) (d), and 
Boyle et al. (ref. 9, minus two patients without 2/20/20 risk available) (e). In panels 
c to e, the central point and error bars represent the Hazard ratio and its 95% 
confidence interval from the model described. Significance levels *: P < 0.05;  
**: P < 0.01; ***: P < 0.001; ****: P < 0.0001.
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Extended Data Fig. 3 | Molecular clocks that estimate the tumor age of 
MGUS and SMM in hyperdiploidy patients. a) Number of SNVs used in 
clonally amplified odd chromosomes among 3, 5, 7, 9, 11, 15, 19, 21 to estimate 
the molecular age of the tumors (minimum: 10, mean: 283, 75% have more 
than 283). b) Maximum likelihood estimates and 95% confidence intervals 
obtained from a binomial mixture model, using mutations found on amplified 
chromosomes from patients with hyperdiploidy, grouped by disease stage. 
Darker colors represent participants who later progressed to MM (see Methods). 

Estimates were obtained with a binomial mixture model. MGUS (n = 14, median: 
16 years old), SMM (n = 46, median: 21 years old), and MM (n = 31, median: 33 
years old). c) Logistic regression for progression to MM with molecular tumor 
age (hyperdiploid clone age) and 2/20/20 risk classification as dependent 
variables in SMM patients with risk classification available (n = 39; 2/20/20 risk 
categories: low, n = 10, intermediate, n = 13, high, n = 16). Estimates and 95% 
confidence intervals were obtained from the “lm” function in R v4.4.1 with default 
parameters.
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Extended Data Fig. 4 | Cell-of-origin analysis for the development of MGUS and 
SMM. a) Coefficients of determination obtained from 10-fold cross validation 
between N = 11,677 early mutations found clonal and duplicated on amplified 
chromosomes from hyperdiploidy patients and B cell type epigenetic tracks from 
IHEC and ENCODE consortia. b) Cell-of-origin analysis repeated as described 
for panel A, within each of the CCND, MMSET, MAF, HRD subgroups. c) Cell-of-

origin analysis repeated as described for panel A for Non-Hodgkin’s Lymphoma 
(n = 993,324 mutations) and Chronic Lymphocytic Leukemia (n = 172,791 
mutations) from the ICGC consortium deep WGS. Bars represent the mean 
value obtained from 10-fold cross-validation (9 degrees of freedom), statistical 
significance was determined between each top hit and the subsequent models 
using a two-tailed corrected t-test on the values.
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Extended Data Fig. 5 | Correlation between the frequency and the clonality 
of copy-number abnormalities used in the Bradley-Terry models (Clonality 
League Comparison). a) Overall frequency of events in the MGUS/SMM league 
(dark grey) versus MM league (light grey). An event is considered positive with 
at least a 0.1 difference in the log2 copy number space after purity adjustment. 
b) Difference of the timing of events estimated with the Bradley-Terry model 
(Bradley-Terry estimates; average MM minus average MGUS/SMM), in absolute 

values (towards left: early MM, late MGUS; towards right: early MGUS, late MM). 
c) Comparison of Bradley-Terry estimates and 95% confidence intervals obtained 
with bootstrapping (n = 20) across MM (empty circles) and MGUS/SMM (filled 
circles) leagues. Error bars represent the mean and 95% confidence interval. 
Events on the left are predicted to happen late in the MGUS/SMM history but 
early in MM (absolute difference > 1 and q < 0.05).
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Extended Data Fig. 6 | Predictors of mutational signatures weights based on 
MGUS/SMM versus MM comparison and adjusted for molecular class, and 
WGS technique. In each panel, beta estimates and associated 95% confidence 
intervals for the predictor in a linear regression (SBS ~ Disease Stage + Molecular 
Class + WGS protocol). Mutational signatures are grouped by known or shared 

etiology from COSMIC catalogue v3.3. MMRF: shallow genomes from the MMRF 
CoMMpass database downloaded from the NCI Genomics Data Commons 
website. Empty dots represent associations below significance levels (q < 0.05). 
Central estimates and 95% confidence intervals were obtained from the “lm” 
function in R v4.4.1 with default parameters.
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Extended Data Fig. 7 | List of significant SV drivers with predicted loss-
of-function. a) Q-Q plot for SV driver discovery validating the absence of p 
value inflation for this statistical method SVelfie (red: significant hits q < 0.1, 
cyan: potentially additional hits q < 0.25). b) List of significant SV drivers 

before merging close neighbors (TRAF3/AMN, SP140/SP140L/SP100, PRSS2/
MTRNR2L6), with matching q value from binomial test (See Methods). c) Detailed 
CoMut plot of predicted loss-of-function hits in candidate SV drivers for each 
patient (blue: loss-of-function; orange: not loss-of-function).
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Extended Data Fig. 8 | CTCF and H3K27Ac chromatin immunoprecipitation 
sequencing (ChIP-seq) tracks from the ENCODE Project around ILF2 
promoter region. Data (bigwig and BED narrow Peak files) were obtained from 
the encodeproject.org website, after searching for hg38 tracks for CTCF and 
H3K27Ac ChIP-seqs. CTCF ChIP-seq tracks are in black, while H3K27Ac are in 
green. ILF2 mutation hotspot is depicted with the red line (hg38: chr1:153,671,247 
and chr1:153,671,254). ILF2 promoter region from the PCAWG dataset is depicted 

with the pink rectangle (hg38: chr1:153,670,032-153,671,248). Significant 
peaks are indicated with the colored segments below the signal tracks. 
ENCODE experiments numbers: GM12878: CTCF:ENCSR000DZN, H3K27Ac: 
ENCSR000AKC. NCI-H929: CTCF: ENCSR634OAQ, H3K27Ac: ENCSR368CYW. 
MM.1S: CTCF: ENCSR402IDP, H3K27Ac: ENCSR758OEC. KMS-11: CTCF: 
ENCSR430YRJ, H3K27Ac: ENCSR955IXZ.
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Extended Data Fig. 9 | Gene expression in the vicinity of the ILF2 promoter 
increases within the topologically associated domain (TAD) of the GM12878 
cell line and in the CoMMpass study. a) TAD boundaries and local contact-map 
of the GM12878 from Rao et al. 2014 (image obtained on the http://3dgenome.
fsm.northwestern.edu/ website). b) Positive correlation between gene 
expression of ILF2 and of its neighbor genes from the linear regression of 

dependent variable Gene expression (VST normalized with DESeq2) with 
predictor variables ILF2 promoter status and gain of chromosome 1q status 
(multivariable linear regression). Data were obtained from the CoMMpass 
database with ILF2 covered ( ≥ 2 reads; See Methods). Vertical axis reflects 
significance levels, similar to a Manhattan plot, while the color of the dots reflects 
the estimate itself (red: positive correlation, blue: negative correlation).
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Data collection Sequencing data: N/A. Clinical annotation: The Research Electronic Data Capture (RedCap v14) solution was used to aggregate data from the 
study samples and participants (Dana-Farber Cancer Institute IRB #14-174).

Data analysis The code used to generate analyses and figures for this manuscript is stored in the following code repository https://github.com/jalberge/ms-
wgs. Code for the Clonality-League Comparison and Bradley-Terry models is available at https://github.com/andrea-poletti-unibo/
MS_TiMMing/. The method to discover significant SV drivers and likely loss-of-function events, SSVelfie, is available at https://github.com/
getzlab/SVelfie/tree/v0.0.1 . Other software include (see Methods): bwa mem v0.7.15, GATK v4.2 for duplicate marking, base quality 
calibration, and CrossCheckFingerPrints, MuTect 1.1.5,  Strelka 2.9, deTiN v2.0.1, ContEst (2011), ABSOLUTE v1.5 (https://github.com/
jalberge/absolute), PhylogicNDT  (#6b4815e, https://github.com/jalberge/phylogicNDT) MutSig2CV (https://github.com/getzlab/MutSig2CV, 
0109e27) for driver discovery in coding genes, GISTIC2 v2.0 (https://github.com/broadinstitute/gistic2) for copy-number drivers, DIG (https://
github.com/maxwellsh/DIGDriver, #5bb565a) for non-coding driver discovery. hdp was used for signature extraction (https://github.com/
nicolaroberts/hdp, #c78989b). Secondary analyses were performed with custom R scripts using R 4.4.1 (see github repositories).
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The sequencing data presented in this publication are available on the dbGAP archive database for sequencing data (dbGAP phs003846.v1). Data from the 
previously published CTC cohort are publicly available (dbGAP phs003084.v1). Data from the MMRF CoMMpass database were downloaded from the National 
Cancer Institute Genomics Data Commons website linked to dbGAP Accession number phs000748. Additional WGS from the literature were downloaded from the 
European Genome-Phenome Archive and dbGAP (EGAD00001006363, EGAS00001004467, EGAD00001003309, and phs000348.v2.p1). Mutation data from CLL and 
NHL were obtained from the study of Kübler and colleagues (BioRXiv doi:doi: 10.1101/517565). B cell type epigenetic data with replicates were collected from IHEC, 
Blueprint, and EnCODE and accessed through IHEC Data Portal (https://epigenomesportal.ca/ihec/grid.html; sample names ERS663722, ERS663732, ERS643304, 
ERS728717, ERS663728, ERS728718, CEMT0032.gDNA, ENCDO412QUR, CEMT0135.gDNA, CEMT0134.gDNA) using the following ChIP-sequencing histone 
modification tracks: Control, H3K27ac, H3K27me3, H3K36me3, H3K4me1, H3K4me3, H3K9me3. Chromatin immunoprecipitation tracks from the ENCODE project91 
were downloaded from the ENCODE website (https://www.encodeproject.org/; ENCODE experiments numbers: GM12878: CTCF: ENCSR000DZN, H3K27Ac: 
ENCSR000AKC. NCI-H929: CTCF: ENCSR634OAQ, H3K27Ac: ENCSR368CYW. MM.1S: CTCF: ENCSR402IDP, H3K27Ac: ENCSR758OEC. KMS-11: CTCF: ENCSR430YRJ, 
H3K27Ac: ENCSR955IXZ).
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Reporting on sex and gender Sex was self-reported and collected per study protocol (Dana-Farber Cancer Institute #IRB 14-174)

Reporting on race, ethnicity, or 
other socially relevant 
groupings

Information on race, ethnicity, and other socially relevant groupings were collected in this study (#IRB 14-174) but was not 
used in the data analysis for this research paper.

Population characteristics Population characteristics included Gender (54% Female), Age (median 64.5, range 34 to 87, mean 62.8 years old) at the 
initial sampling date, and clinical diagnosis for cancer or pre-cancer stage. Other population characteristics collected within 
the study protocol (IRB #14-174) were not used for this analysis.

Recruitment Patients were recruited in the study if they met the inclusion criteria for the PCROWD study IRB #14-174 and were seen at 
Dana-Farber Cancer Institute or if they found the study online at https://clinicaltrials.gov/study/NCT02269592. Briefly, 
inclusion criteria include "Patients with Known or Suspected Precursor Hematological Cancer" (Monoclonal Gammopathy of 
Undetermined Significance, Smoldering Multiple Myeloma, etc) and were "at least 18 years of age". Complete details are 
available online at https://clinicaltrials.gov/study/NCT02269592. Clinical recruitment may bias selection of patients with 
MGUS towards an increased age compared to screened diagnosis, therefore the cohort study in this research paper may be 
older than a screened cohort for MGUS. (see for example the results from the iStopMM study PMID: 37439374)

Ethics oversight Bone marrow (BM) samples were collected from the Precursor Crowd (PCROWD) study at the Dana-Farber Cancer Institute 
(IRB #14-174). All patients provided informed consent for the collection and research use of BM samples. Research studies 
were carried out in accordance with the Declaration of Helsinki.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Sample size The total sample size of our study is n=1,030 participants. This included participants with a monoclonal gammopathy of undetermined 
significance (MGUS) or a smoldering multiple myeloma (SMM) (total, n=218), and participants with a newly diagnosed multiple myeloma 
(total, n=812). Of those, 138 MGUS/SMM originate from the PCROWD Study (#IRB 14-174). A sample size of >1,000 was required per 
simulation analysis with the MutSig2CV method (Extended Data Figure 1) to reach a 80-90% power to detect multiple myeloma drivers found 
in >2% of the study population. Saturation analysis by repeated downsampling of the study cohort confirmed that the number of drivers 
found in >2% of the study population plateaus at around 1,000 patients. The complete composition of the cohort is given in Supplementary 
Table 1.
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Data exclusions In order to detect genetic drivers selected by the natural progression of the disease, MGUS/SMM patients who were previously treated were 
excluded from this study. Similarly, to ensure the etiology of MGUS/SMM patients resembles that of the MM spectrum, patients with a 
concomitant Light Chain Amyloidosis (AL) or Waldenström's macroglobulinemia were excluded from this study. No samples were excluded 
from this study, except if they were redundant (to avoid double-counting of events in driver discovery) or of low-quality (no tumor population 
found by analysis with ABSOLUTE algorithm).

Replication The analysis includes data from previously published studies for which our analysis replicates and confirms the detection of mutations (e.g., 
Bustoros et al, 2020, Journal of Clinical Oncology; Dutta, et al, 2023, Cancer Discovery; Maura, et al, 2021, Clinical Cancer Research; Oben, et 
al, 2021, Nature Communications). 
The prognostic value of our MM-like genomic score was replicated and validated across three cohorts (WGS from this study, WES and Deep 
Target Sequencing from Bustoros, et al, 2021, Journal of Clinical Oncology, and Deep Target Sequencing + FISH from Boyle EM, et al, 2021 
Nature Communications (independent external validation). 
The increase of MM-like mutations was confirmed with externally collected samples (n=4, Figure 2, patients GP1 to GP4). 
The detection of recurrent mutations in a non-coding  element (promoter) of ILF2 was replicated with patients from the CoMMpass study. 
(Fig 6). 
For other estimates were replicated was not possible due to low sample size, limited material availability, or estimates based on one sample, 
sampling methods were used to estimate confidence intervals around the point estimate (binomial confidence intervals, mixture model, 
bootstrap, etc.)

Randomization Down sampling for saturation analyses (Extended Data Figure 1) and bootstrapping  (FIgure 3e) were chosen randomly.

Blinding Investigators were blinded to clinical outcomes (disease progression event and time to progression to MM) for WGS data analysis, driver 
discovery, and definition of genomic scores. Investigators were not blinded to disease status (MGUS, SMM, versus MM) and this was not 
relevant for driver discovery.

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Antibodies
Antibodies used Antibodies for samples processed with the CELLSEARCH system were provided with the CELLSEARCH (R) Circulating Multiple 

Myeloma Cell Kit but were not purchased by us. CELLSEARCH protocol states: "Anti-CD138 Ferrofluid: mouse monoclonal antibo and 
"Staining Reagent: anti-CD38(MultiEpitope)-PE sheep polyclonal, anti-CD38-PE mouse monoclonal, anti-CD19/45-APC mous 
monoclonal (See Supplementary Note 2 for an example of gating).

Validation Antibodies were not purchased for this study, they were part of the CellSearch reagents used for isolation of tumor plasma cells (See 
Supplementary Note 2). More details can be found at https://www.siliconbiosystems.com/en-us/Oncology/Multiple-Myeloma.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches, 
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the 
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe 
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor 
was applied.

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If 
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Authentication Describe any authentication procedures for each seed stock used or novel genotype generated. Describe any experiments used to 
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism, 
off-target gene editing) were examined.

Plants
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