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Abstract

Multiple myeloma (MM) shows inherent clinical and biological heterogeneity, leading to variable treatment responses and 
outcomes. The complex molecular landscape of MM makes precise risk stratification through clinical genetic testing diffi-
cult. Thus, identifying better biomarkers is essential to enhance existing stratification methods and guide personalized 
therapy decisions. Here, we systematically analyzed the intratumor heterogeneity of tumor cells from 12 newly diagnosed 
MM patients with different outcomes at single-cell resolution, especially those with an overall survival of less than 2 years, 
considered extremely high-risk in the real world. Among the eight heterogeneous tumor cell subclusters in these patients’ 
myeloma cells, a particularly aggressive subset was discovered, characterized by severe chromosomal instability, high-lev-
el drug resistance, and high-risk genes. Survival analysis indicated that a high rate of this aggressive cell subset was asso-
ciated with poor outcomes of the patients. We identified seven genes (LILRB4, CD74, TUBA1B, CCND2, HIST1H4C, ITGB7, and 
CRIP1) with extremely high expression within this subset of aggressive myeloma cells. Multivariate Cox analysis showed that 
the seven-gene signature score was the worst factor for patients’ outcome independently of aberrant cytogenetics and 
International Staging System stage. We then established an integrated risk stratification model combined with the sev-
en-gene signature score. This model significantly improved the risk discrimination capabilities, especially in distinguishing 
the ultra-high-risk myeloma patients with the worst outcome in our cohort, and was validated in five independent datasets 
of MM patients. We further devised a simple digital polymerase chain reaction method for feasible quantification of the 
seven-gene signature, which still significantly differentiated the survival of MM patients and has considerable value for 
clinical application. Overall, this integrated risk-scoring model derived from single-cell RNA-sequencing data was signifi-
cantly associated with a more advanced stage of myeloma, facilitating guided risk-adapted treatment strategies for such 
ultra-high-risk patients.

Introduction

In the past decades, advancements in therapies and the 
widespread application of novel drugs and autologous 
stem cell transplantation have led to improved overall 
survival rates for patients with multiple myeloma (MM).1,2 
However, some high-risk patients still struggle to ben-
efit from current treatment strategies.3,4 Patients with 
ultra-high-risk MM are currently defined as those who 
die within 24-36 months of diagnosis, while high-risk 

MM patients are those who die within 36-60 months of 
diagnosis. Risk stratification and risk-adapted therapy are 
critical for identifying groups of patients in urgent need 
of novel therapies. Although there are several validated 
risk stratification systems in routine clinical practice, a 
unified approach for defining risk of newly diagnosed MM 
(NDMM) patients remains elusive.5

The Revised International Staging System (R-ISS) in-
tegrates interphase fluorescence in situ hybridization 
abnormalities, lactate dehydrogenase (LDH) level, and 
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features of the International Staging System (ISS) to serve 
as the predominant risk stratification tool for predicting 
overall survival and progression-free survival in patients 
with NDMM.6 However, in the R-ISS system, the inter-
mediate-risk group accounts for 60% to 70% of patients, 
highlighting the need for more refined stratification of 
this cohort. To address this need, the second revision of 
the International Staging System (R2-ISS) has included 
factors such as TP53 mutations and 1q21 amplification.7 
Compared to R-ISS, R2-ISS provides better stratification 
for intermediate-risk MM patients and helps us to assess 
these patients’ prognosis more accurately. 
In recent years, gene expression profiling has emerged 
as a risk stratification tool for MM based on the genomic 
composition of myeloma cells, offering additional prog-
nostic subgroups. UAMS-70 and SKY92 are both prognos-
tic scoring systems based on gene expression profiles, 
enabling a more comprehensive and precise evaluation 
of patients’ prognosis,  ultimately to guide personalized 
treatment approaches.8,9 However, the increased com-
plexity and demands on resources of the gene expression 
profiling scoring systems may hinder their widespread 
adoption compared to the R-ISS.
In the present study, ISS staging, del(17p), 1q+, t(4;14), 
and the seven-gene score were integrated into a com-
prehensive weighted myeloma prognostic score system 
(MR-ISS), which could categorize patients into four risk 
groups. Compared to ISS, R-ISS, and R2-ISS, the MR-ISS 
model demonstrated better differentiation and identifi-
cation of ultra-high-risk patients with an overall survival 
of less than 24 months.

Methods

Patients’ characteristics and single-cell sequencing
Bone marrow mononuclear cells were isolated by Ficoll 
separation from seven healthy donors and 12 NDMM 
patients. Written informed consent was obtained from 
all participants prior to sample collection. The clinical 
characteristics of the patients are provided in the On-
line Supplementary Materials. This study was conducted 
in accordance with the principles of the Declaration of 
Helsinki and approved by the Ethics Committee of the 
Institute of Hematology and Blood Diseases Hospital, 
Chinese Academy of Medical Sciences (China) (protocol 
code KT2020010-EC-2). Single-cell RNA libraries were 
constructed using Chromium Single Cell 3’ Reagent Kits 
(v2 Chemistry) and sequenced on an MGISEQ-2000 se-
quencer by the Beijing Genomics Institute (BGI, China).10-13

Statistical analysis
Data analyses were performed with R language and 
GraphPad Prism 8.0 software. Statistical significance 
was set at P<0.05.

Results

Investigation of the heterogenous component of tumor 
cells between patients who died within or beyond 24 
months
In order to clarify the intrinsic molecular characteristics of 
MM cells in those patients with an overall survival of less 
than 2 years, considered ultra-high-risk in the real world, 
we conducted single-cell transcriptome profiling on bone 
marrow plasma cells (MM cells) from 12 NDMM patients 
with varied clinical characteristics, different cytogenetic 
abnormalities, and diverse outcomes. We compared the 
profiles of the MM cells with those of cells obtained from 
seven healthy donors. According to the follow-up data, 
four individuals (MM8, MM12, MM15 and MM24) among the 
12 patients who exhibited rapid disease progression and 
early mortality within 24 months were classified as clin-
ically ultra-high-risk and designated as the EM24 group, 
the others (MM1, MM2, MM3, MM4, MM5, MM16, MM25, 
and MM27) were designated as the non-EM24 (nEM24) 
group. Among EM24 patients, routine fluorescence in situ 
hybridization assay demonstrated that four (4/4) patients 
harbored 1q(+), one (1/4) patient had 17p(-), one (1/4) 
patient had t(4;14) and two (2/4) patients had elevated 
LDH. The M paraprotein in these cases was IgD, IgA, IgG 
and light chain, respectively. In the nEM24 group, four 
(4/8) patients had 1q(+), three (3/8) patients had t(4;14), 
but none of them had elevated LDH and 17p(-). Twelve 
patients were risk-stratified according to ISS and R-ISS 
criteria, and received standard bortezomib, lenalidomide, 
and dexamethasone (VRD) combination therapy. Detailed 
clinical and pathological information on the MM patients 
are summarized in Online Supplementary Table S1. 
First, we conducted principal component analysis to reveal 
the differences in cell clustering between healthy donors, 
and EM24 and nEM24 patients at single-cell resolution 
(Figure 1A). As expected, the plasma cells of MM patients 
exhibited a marked increase in the component of myelo-
ma/plasma cells (Figure 1B). In order to efficiently identify 
intrinsic heterogeneity in MM cells between the patients 
in the EM24 and nEM24 groups, the analysis integrated 
MM/plasma cell compartments from all samples into a 
combined dataset. Eight distinct subpopulations (sub-
C0-C7) were identified with high expression of plasma cell 
marker genes, CD38, SDC1, and TNFRSF17 (Figure 1C, D). The 
tumor cell compositions of the EM24 MM patients were 
significantly different from those of the nEM24 patients. 
Of note, among the sub-C0-C7 subclusters, sub-C4 was a 
unique, significantly increased subpopulation in EM24 MM 
patients compared to nEM24 patients (Figure 1E). Odds 
ratio analysis further confirmed that sub-C4 exhibited a 
particularly strong distribution preference among EM24 
patients (Figure 1F). These findings strongly suggest that 
the presence of sub-C4 MM cells plays a critical role in 
the aggressive progression of MM in EM24 patients. 
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Figure 1. Single-cell transcriptomic profiling of the bone marrow ecosystem in patients with multiple myeloma. (A) Two-dimen-
sional plots showing the distribution of each sample. The color of the points indicates the sample group. Triangles represent the 
median of the principal component analysis (PCA). PCA was used to assess differences in cell clustering at single-cell resolution 
across healthy donors, multiple myeloma (MM) patients who died early (EM24), and MM patients who died later (nEM24). (B) 
T-distributed stochastic neighbor embedding plots showing the distribution of annotated plasma cells. Cell annotations are la-
beled by colors. (C) Uniform manifold approximation and projection (UMAP) plot showing ten plasma cell clusters from all sam-
ples. (D) UMAP plots showing the expression of marker genes and immunoglobin light chain k/l ratio in plasma cells. (E) UMAP 
plots showing the plasma cell origins of the three groups of samples. (F) Heatmap illustrating the odd ratios of each cluster in 
each sample group based on the Fisher exact test (top). Asterisks represent P<0.05. The bar plot shows the proportion of each 
cluster in each MM sample and healthy donors (bottom). EM24: patients who died early; nEM24: patients who died later than 
those in the EM24 group; HD: healthy donors; tSNE: t-distributed stochastic neighbor embedding; OR: odds ratio.
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Heterogeneous molecular characteristics in different 
myeloma cell clusters
Myeloma cells exhibit significant intrinsic heterogeneity. 
Elucidating the molecular heterogeneity of MM cells could 
be instrumental in identifying novel biomarkers for the dis-
crimination of ultra-high-risk patients and facilitating ther-
apeutic improvements for the treatment of such patients. 
Gene expression profiling revealed uniquely expressed genes 
and differentially expressed genes (DEG) within the eight 
tumor cell subpopulations (C0 to C7). The top five DEG in 
each plasma cell subcluster are displayed in a heatmap 
(Figure 2A). Moreover, severe chromosomal instability was 
observed in sub-C4 MM cells, with various gains and loss-
es of chromosome segments, including del(1p), del(2q), 
del(10q), del(13), del(14), del(17p), amp(1q), amp(12p), and 
amp(19) (Figure 2B). These findings demonstrate that MM 
cells in sub-C4 constitute a subpopulation of MM cells with 
an aggressive phenotype including activated proliferation. 
Copy number variation scores were utilized to evaluate the 
copy number variation in each cluster of MM cells. The data 
show that the copy number variation score was highest 
in the fourth subcluster (Figure 2C), indicating that there 
is severe chromosomal instability of the cells in sub-C4 
among all subclusters. 
Previous studies reported a 70 high-risk gene set (UAMS-70) 
and a 56 drug-resistance gene set associated with inferior 
outcomes in MM. We, therefore, next examined the expres-
sion of those malignant genes within the heterogeneous 
subpopulations of MM cells. Strikingly, our results clearly 
showed that, among all MM cells, sub-C4 MM cells expressed 
the highest levels of high-risk and drug resistance genes 
(Online Supplementary Figure S1A, B). Of note, 84.3% (59/70) 
of high-risk genes and 55.3% (31/56) of drug-resistance 
genes showed increased expression in sub-C4 MM cells. 
We found that the PRC2-associated factor, PHF19 (PLC3), 
which promotes the proliferation and drug-resistance of 
MM cells as we reported previously,14 was overexpressed in 
sub-C4 cells. These findings further support that sub-C4 
encompasses aggressive MM malignant features. 

Identification of the specific gene expression 
characteristics and clinical impact of sub-C4 myeloma 
cells
We next compared the gene expression of sub-C4 cells to 
that of the other subclusters. We found 1,320 DEG (logFC 
>0.25, P<0.01), 1,263 upregulated and 57 downregulated, 
after excluding immunoglobulin-associated genes (Figure 
3A) The top ten upregulated genes in sub-C4 compared 
with other subclusters are shown in Online Supplementa-
ry Table S2. This profile included LILRB4, STMN1, GAPDH, 
CRIP1, TUBA1B, TUBB, HIST1H4C, CD74, ITGB7 and CCND2. 
Our results indicated that LILRB4, encoding an immunosup-
pressive receptor, was significantly upregulated in sub-C4 
and expressed at very high levels (avg_logFC >1.5, P<0.001). 
To further elucidate the gene expression regulatory network 

and the biological characteristics associated with DEG 
in sub-C4 tumor cells, we conducted a comprehensive 
network analysis to identify key transcription factors and 
their downstream targets within these DEG. Additionally, 
we employed L1 regularization analysis to investigate spe-
cific genomic alterations in sub-C4, as identified through 
transcription factor gene networks and gene co-expression 
networks. The results revealed that MYC and E2F1, which 
were highly activated within the sub-C4 population, acted 
as key transcription factors promoting tumor growth by 
transcriptionally regulating downstream gene expression  
(Figure 3B). Notably, hub genes including LILRB4, CD74, 
XBP1, MKI67, AURKB, and USP1 were found to be closely 
related to the sub-C4 phenotype (Figure 3C). Subsequent-
ly, we performed gene ontology enrichment analysis on 
the sub-C4 cluster and found that its main functions are 
concentrated in ‘Lymphocyte-mediated immunity’, ‘Adap-
tive immune response based on somatic recombination 
of immune receptors’, ‘Immunoglobulin-mediated immune 
response’, ‘Antigen receptor-mediated signaling pathway’ 
and ‘B cell-mediated immunity’ (Figure 3D). Subsequently, 
we conducted an analysis to estimate the composition of 
the eight myeloma/plasma cell subclusters (C0-C7) in the 
GSE2658 dataset (N=414). Survival analysis revealed a sig-
nificant association between a high proportion of sub-C4 
plasma cells and poor prognosis among patients (Figure 
3E). These findings indicate that sub-C4 plasma cell abun-
dance is a significant prognostic marker in MM patients, 
providing strong evidence for predicting unfavorable out-
comes in NDMM patients. Among the top ten upregulated 
genes, univariate Cox regression analysis showed that 
LILRB4, ITGB7, CRIP1, TUBA1B, CCND2, HIST1H4C and CD74 
were significantly correlated with inferior outcomes of MM 
patients, based on the GSE2658 dataset of NDMM patients 
(Figure 3F).

The seven-gene signature facilitates discrimination of 
multiple myeloma patients’ outcome
Our study further investigated the power of stratification 
efficacy of a seven-signature model in discriminating ultra-
high-risk MM patients. Based on Cox regression analysis, we 
developed a prognostic risk score formula using the expres-
sion levels of seven genes. Each patient was assigned a risk 
score, with the optimal cut-off determined by maximally 
selected rank statistics. The high-risk MM patients with R-ISS 
stage III from the GSE136324 dataset (training cohort) could 
be further classified into two groups: a high-risk group (blue) 
and an ultra-high-risk group (red). Kaplan-Meier analysis 
showed that patients in the ultra-high-risk group had sig-
nificantly shorter overall survival than those in the high-risk 
group (Figure 4A). To confirm the reliability of the seven-gene 
signature, the bulk RNA-sequencing data of CD138+ cells 
from bone marrow of MM patients in our center with high 
risk identified by mSMART 3.0 were utilized as a validation 
cohort. The risk score for each patient in this validation co-
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hort was calculated using the formula mentioned above. Our 
data showed that the seven-gene signature could further 
segregate ultra-high-risk patients utilizing the best cut-off 
point of the risk score. Consistently, patients in the ultra-
high-risk group had shorter overall survival than those in the 
high-risk group (Figure 4B). Therefore, these data indicate 
that the seven-gene signature established by our study is 

an extremely powerful model in further risk stratification of 
ultra-high-risk patients as identified by either R-ISS stage 
III or mSMART 3.0. 
We next compared the efficiency of our model with that 
of the previously established SKY-92 and USMA70 models 
using the same GSE136337 dataset, which includes 66 high-
risk MM patients with R-ISS stage III. Notably, the results 

Figure 2. Comparative gene expression profiling of sub-cluster populations of myeloma cells. (A) Heatmap showing the top ten 
differentially expressed genes among diverse sub-clusters of myeloma cells. The sub-cluster number is labeled on the top of 
graph. (B) The landscape of inferred large-scale single cell copy number variations for all sub-clusters. The annotation track on 
the right corresponds to the sub-clusters. Chromosome numbers are labeled at the left. Blue indicates deletion of chromosomes; 
red indicates amplification of chromosomes. (C) The malignancy score across multiple myeloma cell clusters. The malignancy 
score is calculated based on copy number variation scores of each cell. Amp: amplification; del: deletion.
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Figure 3. Identification of genes associated with a high risk in sub-C4 plasma cells. (A) Volcano plot showing differentially expressed 
genes (DEG) between sub-C4 and the rest of the sub-clusters. Upregulated genes are indicated as red dots and downregulated genes 
are indicated as blue dots. The names of the most significant DEG are marked in the plot. (B) Regulatory network of major transcrip-
tion factors and target genes upregulated in sub-C4 compared with the other multiple myeloma (MM) cells. The point size indicates 
the edge numbers of transcription factors. Red lines indicate active signal pathways, blue lines indicate suppressive pathways. (C) 
Gene co-expression network displaying the top gene modules specific to subcluster 4. The point size indicates the gene fold change 
in sub-C4 versus the other MM cells. The lines connect significantly correlated genes. Genes of the same color represent interrelat-
edness. (D) Gene ontology term enrichment analysis for sub-C4 according to the DEG between sub-C4 and the rest of the subclus-
ters. (E) Kaplan-Meier curve showing the overall survival of 414 MM patients in the GSE2658 dataset according to whether they had 
a high or low proportion of subcluster 4 cells. A log-rank test was applied for the comparison between groups. (F) Forest plot show-
ing the univariate Cox regression analysis of seven genes in patients from the GSE2658 dataset. TF: transcription factor; HR: hazard 
ratio; 95% CI: 95% confidence interval. *P<0.05, **P<0.01, ***P<0.001. 
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Figure 4. A seven-gene signature facilitates identification of ultra-high-risk myeloma patients. (A, B) The Kaplan-Meier analysis 
of the seven-gene signature in the GSE136324 training cohort (left) and in the validation cohort (in-house bulk RNA-sequencing 
dataset, right). (C) Receiver operating characteristic plots showing the sensitivity and specificity of the seven-gene score, UMAS70 
score, and SKY92 score in predicting multiple myeloma patients who will die early. (D-F) Kaplan-Meier analysis with the sev-
en-gene signature (D) and the SKY-92 signature (E) in the GSE136337 dataset and the UAMS-70 signature (F) in high-risk multiple 
myeloma patients with Revised International Staging System stage III disease in the GSE136337 dataset. OS: overall survival; AUC: 
area under the curve.
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showed that the prognostic efficacy of the seven-gene 
signature was equal to that of SKY-92 and superior to that 
of UAMS-70 (Figure 4C-F). Moreover, our model includes 
seven genes, so it would be easier to use in clinical practice. 

Exhausted T cells with metabolic dysfunction were 
identified in multiple myeloma patients who died within 
24 months
According to our finding indicated in Figure 3D, sub-C4 
function is enriched in immune-related signal pathways. 
To better identify the crosstalk between sub-C4 MM cells 
and T-cell subsets, we generated a deep transcriptional 
atlas of T cells in the tumor microenvironment of mul-
tiple cancers from 20 human samples. We defined five 
functional CD4+ and seven CD8+ T-cell clusters based 
on canonical patterns of marker expression across con-
ditions (Online Supplementary Figure S2A-E). We made 
a projection of our single-cell sequencing data onto the 
T-cell atlas and identified the various T-cell clusters in our 
cohort (Figure 5A). To understand the extent to which the 
immune microenvironment contributed to the rapid MM 
progression, we the compared the composition of T-cell 
clusters among EM24 MM patients, nEM24 MM patients 
and healthy donors. EM24 MM patients demonstrated 
increased numbers of exhausted-like and immune-sup-
pressive T cells, including CD8-TPEX, CD8-TEX, CD4-Exh, 
CD4-Th17, and Treg (Figure 5B, C). 
Combining with the characteristic phenotypic features 
and the calculated naïve, cytotoxic, and exhausted scores, 
the canonical trajectories of naïve T cells were identified 
to follow either effector-memory fate or exhausted fate 
(Online Supplementary Figure S2F-J). Effector-memory T 
cells (cell fate 2) were significantly active in T-cell-mediated  
cytotoxicity, T-cell activation, WNT signaling, MAPK6/MAPK4 
signaling, IL-1-induced activation of NF-kB, the CD40 signal-
ing pathway, and mTOR signaling. By contrast, exhausted T 
cells (cell fate 1) were active in IFN-g signaling, alternative 
mRNA splicing, and the PD-1 pathway (Figure 5D). Consistent 
with our previous study, a significant distinction existed 
in metabolic state between effector-memory T cells and 
exhausted T cells. Obviously, exhausted T cells exhibited 
lower levels in glycolysis, the tricarboxylic acid cycle, glu-
tamine metabolism and lipid metabolism compared with 
effector-memory T cells (Figure 5E, Online Supplementary 
Figure S2K, L). Additionally, analysis of transcription factors 
revealed significant upregulation of JUN, FOS, and NR4A1 in 
effector-memory T cells and upregulation of EMOES, TOX, 
and HOPX in exhausted T cells. As expected, exhausted T 
cells were characterized by higher expression of immune 
checkpoints (Online Supplementary Figure S2K).
The evident exhausted T cells in EM24 MM patients raised 
the question of whether the memory T cells in EM24 patients 
had already been in an aberrant state. To answer this ques-
tion we performed DEG analysis of memory T cells between 
EM24 patients and nEM24 patients (Online Supplementary 

Figure S2M, N). We found that the genes upregulated in 
memory T cells from EM24 patients were enriched in apop-
totic signaling pathway, histone modification, IL-4 and IL-13 
signaling, oxidative phosphorylation, and oxidative stress-in-
duced senescence. Formation of ATP, T-cell differentiation, 
and co-stimulation by the CD28 family were significantly 
downregulated pathways in memory T cells from EM24 
patients (Online Supplementary Figure S2O). Collectively, 
the enrichment of exhausted T cells was characterized by 
aberrant metabolism and high expression of immune sup-
pressive checkpoints. On the other hand, the memory T 
cells committed to the generation of effector cells showed 
defects in differentiation capability and increased apoptotic 
signaling. These results indicate that patients in the EM24 
group exhibit MM cells with more aggressive characteris-
tics, and their immune microenvironment is significantly 
more dysfunctional compared to that of nEM24 patients. 
The crosstalk between sub-C4 MM cells and T-cell subsets 
plays a crucial role in establishing an immunosuppressive 
tumor microenvironment in EM24 patients.

Investigations on the impact of integrating the seven-
gene signature and clinical characteristics in the 
identification of ultra-high-risk multiple myeloma 
patients 
Given the biological characteristics of sub-C4 cells and 
their crosstalk with T cells in the immunosuppressive 
tumor microenvironment, an attempt was made to im-
prove the risk stratification of MM patients by integrating 
the seven-gene signature of sub-C4 MM cells and clinical 
features. We incorporated existing MM high-risk factors 
into univariate and multivariate Cox regression analysis 
of the MMRF-CoMMpass dataset as the training cohort, 
and GSE136337 and in-house datasets as the valida-
tion cohorts. Age, gender, ISS stage, del(17p), 1q+, t(4;14), 
t(14;16), LDH level, and the seven-gene signature were 
included (Online Supplementary Table S3). Univariate and 
multivariate Cox analyses were conducted (Figure 6A, B), 
which showed that ISS stage, del(17p), 1q+, t(4;14) and the 
seven-gene signature, but not t(14;16) or LDH level, were 
independent variables for predicting the overall surviv-
al of MM patients. Based on this additive score system, 
we developed a modified R-ISS (MR-ISS) that accurately 
stratifies patients into four groups: low risk (MR-ISS I, 0 
points), intermediate risk (MR-ISS II, 1-1.5 points), high 
risk (MR-ISS III, 2-4 points), and ultra-high risk (MR-ISS 
IV, 4.5-6 points) (Figure 6C). We compared the perfor-
mance of different staging systems for risk stratification 
within the same cohort of patients. In particular, both 
the MR-ISS and R2-ISS showed improved discriminatory 
capability among intermediate-risk patients compared 
to R-ISS (Figure 6D). However, the ISS, R-ISS, and R2-ISS 
could not discriminate among patients whose median 
overall survival was less than 2 years (Figure 6E, F, Online 
Supplementary Figure S3A).
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Figure 5. Metabolic dysfunction in exhausted T cells was observed in ultra-high-risk myeloma patients. (A) Uniform manifold 
approximation and projection plots showing the distribution of CD8+ T and CD4+ T cells across three groups of samples. Left: 
samples from patients who died early; middle: non-early death patients; right: healthy donors. (B) Dot plot illustrating the odds 
ratio (OR) of each T-cell subset proportion across the three groups of samples. Dot colors represent sample groups. OR values 
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The Modified Revised International Staging System 
effectively improves the ability to distinguish ultra-
high-risk patients with significantly poorer outcome
To further validate the MR-ISS model in risk stratification, 
publicly available datasets of MM cohorts were used. In the 
MMRF-CoMMpass cohort, we found that the MR-ISS model 
provided excellent discrimination of MM patients with di-
verse outcomes, especially the ultra-high-risk patients with 
overall survival of less than 24 months (P<0.001) (Figure 
7A). In the independent external validation cohort, the me-
dian overall survival was 165, 146, 93 and 40 months in the 
MR-ISS stage I, II, III, and IV groups, respectively (P<0.001) 
(Figure 7B). In addition, we utilized an in-house cohort for 
internal validation, which confirmed that the median overall 
survival was not reached, 71.0, 41.4, and 24.9 months for 
MR-ISS stage I, II, III, and IV, respectively (P<0.001) (Figure 
7C). Notably, the median overall survival of MR-ISS stage 
IV NDMM patients was less than 25 months in both the 
MMRF-CoMMpass and in-house datasets, indicating that 
the MR-ISS established in this study improved the ability 
to distinguish the ultra-high-risk patients with significantly 
poorer outcome.
The droplet digital polymerase chain reaction (ddPCR) 
technique is a highly sensitive and precise method for 
quantifying nucleic acids.15 To further establish a clinically 
feasible approach to biomarker detection for guiding treat-
ment selection and prognosis stratification in MM patients, 
we devised a ddPCR method for quantifying seven genes 
in 139 newly diagnosed patients and combined it with the 
risk factors of MR-ISS for scoring. The findings indicated 
that the seven-gene signature determined by the ddPCR 
quantification method still significantly differentiated the 
survival of MM patients and has considerable value for 
clinical application (stage IV vs. I: P<0.0001) (Figure 7D) 
(stage IV vs. I: P<0.05) (Figure 7E). By integrating these two 
approaches, clinicians can make more informed decisions 
regarding personalized treatment strategies for MM patients. 

Discussion

MM is a plasma cell malignancy characterized by heteroge-
neity of tumor cells, which influences the outcome of pa-
tients.16 There have been many models for risk stratification 
of MM, but it is challenging to identify the ultra-high-risk 

patients with an overall survival of less than 24 months.6,7,17 
Much research has focused on whether gene expression 
profiles can enhance the accuracy of risk stratification, 
including the UAMS70 and SKY92 models.18-21 However, they 
are based on the DEG of MM cells, which cannot reflect 
the heterogeneity between different MM cells. In this study, 
single-cell RNA-sequencing was conducted to investigate 
the heterogenous characteristics among MM cells, and to 
relate differences in tumor cells between patients with 
distinct outcomes. Based on a comprehensive molecular 
characterization of tumor cells and immune cells in the 
tumor microenvironment, this study revealed the entire 
spectrum of the bone marrow ecosystem in MM, thereby 
providing the basis for a new risk stratification model for 
the identification of ultra-high-risk patients. The MR-ISS 
risk stratification system that integrates clinical features, 
genomic aberrations, and changes in gene expression of MM 
cells. Therefore, this system provides a more comprehensive 
reflection of the tumor biology and clinical characteristics, 
thus achieving a more refined clinical risk stratification. The 
MR-ISS risk stratification system also provides the basis 
that individual treatment is required for ultra-high-risk 
patients. Beside the aggressive biological features of tumor 
cells, our study further confirms that the crosstalk between 
tumor cells and tumor microenvironment plays a pivotal 
role in tumor progression and the outcome of patients. 
Enrichment of exhausted T cells characterized by aberrant 
metabolism and high expression of immune suppressive 
checkpoints was found in the tumor microenvironment of 
patients in the EM24 group. Moreover, the memory T cells 
that were committed to the generation of effector cells 
showed defects in differentiation capability and increased 
apoptotic signaling. Therefore, the ideal treatment strategy 
for ultra-high-risk patients should target tumor cells and 
rescue the immunosuppressive tumor microenvironment. 
In addition, our findings support the concept that T-cell 
dysfunction not only involves the stage of effector T cells, 
but memory T-cell dysfunction should also be rescued. 
Seven genes, namely LILRB4, CD74, TUBA1B, CCND2, HIST1H4C, 
ITGB7 and CRIP1, were found to be highly expressed in the 
sub-C4 plasma cell population. LILRB4 (immune evasion/
NF-κB activation),22,23 CD74 (immunosuppression/drug resis-
tance),24 TUBA1B (proliferation/microtubule stabilization),25 
CCND2 (cell cycle regulation),26 HIST1H4C (proliferation/
epigenetics),27,28 ITGB7 (adhesion/metastasis),29,30 and CRIP1 

are based on the Fisher exact test. A high OR indicates that the cell is more likely to distribute in the group, while a low OR in-
dicates that the cell is less likely to distribute in the group. (C) Heatmap depicting the expression of representative gene sets 
across T-cell subtypes, including naïve, resident, inhibitory, cytokine-related, co-stimulatory, transcription factors, regulatory T 
cells, mucosal-associated invariant T cells, and other cell types. (D) Pseudo-time trajectory defining the cell states of CD8+ T cells 
(upper panel). Heatmap showing dynamic changes in gene expression along the pseudo-time trajectory (grouped into three clus-
ters) and their enriched biological pathways (lower panel). (E) Fitted line with dot plot showing metabolism scores along pseu-
do-time. Colors represent different states of T cells. tSNE: t-distributed stochastic neighbor embedding; MM: multiple myeloma; 
CM: central memory cells; EM: effector memory cells; TEMRA: terminally differentiated effector memory cells; MAIT: mucosal-as-
sociated invariant T cells; TPEX: progenitor exhausted T cells; TEX: terminally exhausted T cells; Exh: exhausted cells: T reg: 
regulatory T cells; TF: transcription factor; TCA: tricarboxylic acid.
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Figure 6. Combining gene expression profiling-based biomarkers with the Revised International Scoring System score. (A) Forest  
plot showing the univariate Cox regression result of International Scoring System (ISS) stage, del(17p), 1q+, t(4;14),  seven-gene group, 
t(14;16), and lactate dehydrogenase (LDH) level in multiple myeloma (MM) patients in the MMRF-CoMMpass dataset. (B) Forest plot 
showing the multivariate Cox regression result of ISS stage, del(17p), 1q+, t(4;14), seven-gene group, t(14;16), and LDH level in MM 
patients in the MMRF-CoMMpass dataset. (C) Modified Revised ISS (MR-ISS) score definition based on the hazard ratio from mul-
tivariate Cox regression in MM patients included in the training set. (D) Sankey diagram and pie plots showing the relationship and 
proportion of MM patients’ stages by ISS, Revised ISS (R-ISS), second revision of the ISS (R2-ISS), and the MR-ISS. (E, F) Kaplan-Mei-
er curve showing the overall survival of MM patients in the MMRF-CoMMpass dataset classified by the R-ISS (E) and R2-ISS (F) 
systems. HR: hazard ratio; 95% CI: 95% confidence interval. *P<0.05, **P<0.01, ***P<0.001. 
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(proteostasis/autophagy)31 form a critical pathogenic net-
work in MM. These genes collectively drive tumor prolif-
eration, drug resistance, and immune microenvironment 
dysregulation.
LILRB4 is the top uniquely expressed gene in the sub-C4 

population. LILRB4 is an immunosuppressive receptor 
that plays a role in regulating the immune response and 
is involved in the pathogenesis of acute myeloid leukemia. 
Recently, we and other groups independently reported a 
high level of LILRB4 on MM cells and that the receptor 

Figure 7. Modified Revised International Scoring System mod-
el from sub-C4 plasma cells predicting short survival in 
myeloma patients. (A) Kaplan-Meier curve showing the over-
all survival of multiple myeloma (MM) patients in the 
MMRF-CoMMpass dataset by modified Revised International 
Scoring System (MR-ISS) groups. (B) Kaplan-Meier curve 
showing the overall survival of MM patients in the validation 
set 1 (GSE136337 cohort) by MR-ISS groups. (C) Kaplan-Meier 
curve showing the overall survival of MM patients in the val-
idation set 2 (in-house data) by MR-ISS groups. (D, E) The 
detection and prognostic significance of the seven genes were 
confirmed using the droplet digital polymerase chain reaction 
(ddPCR) assay. Monochrome (D) and multicolor (E) ddPCR 
detection was used for quantitative assessment of seven-gene 
scores in 139 newly diagnosed patients. Kaplan-Meier curves 
depict the overall survival rate of the MM patients.
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plays a critical role in tumor cell proliferation and the im-
munosuppressive tumor microenvironment.10,22,23 Here, our 
study further revealed that LILRB4 is the only member of 
the LILRB family that is highly expressed on MM cells and 
its expression correlates with the outcome of myeloma 
patients. LILRB4 promotes MM cell proliferation by acti-
vation of the downstream NF-kB signaling pathway, which 
is also involved in proteasome inhibitor-resistance of MM 
cells. Although there has been much progress in identifying 
LILRB4 function in myelomagenesis, the molecular mech-
anisms have not been fully understood. LILRB4 is a special 
member of the LILRB family, which contains two extracel-
lular immunoglobulin domains, a transmembrane domain, 
and three cytoplasmic immunoreceptor tyrosine-based 
inhibitory motifs. The functional ligand of LILRB4 has not 
been discovered. We found that APOE, one of the candidate 
ligands32 of LILRB4, had limited effects on triggering the 
activation of LILRB4 and the downstream pathway in MM 
cells. Therefore, further study needs to be done to clarify 
the molecular mechanisms of LILRB4 in myeloma.
Besides the effect on promoting MM cell survival, recent 
studies discovered that LILRB4 also contributes to bone 
damage by promoting the differentiation and maturation 
of osteoclasts.22,33 Consistently, our study revealed that 
patients in the EM24 group with high levels of LILRB4 
exhibited more severe bone disease compared to that of 
patients in the nEM24 group (data not shown). Currently, 
LILRB4 has emerged as a hot therapeutic target for tumors 
and autoimmune diseases, leading to the initiation of clin-
ical trials for several anti-LILRB4 monoclonal antibodies 
and chimeric antigen receptor T-cell immunotherapy.34,35

Besides LILRB4, our recent study revealed that CRIP1 is 
involved in the proteostasis of MM cells through dual reg-
ulation of the proteasome and autophagy, which promotes 
tumor cell growth, against proteasome inhibitor treatment 
and facilitates development of metastasis.31 Collectively, 
these findings by us and other groups indicate that the 
seven genes identified in EM24 patients are involved in the 

aggressive behavior of MM, not only by directly promoting 
malignant proliferation of MM cells and mediating drug re-
sistance, but also, more importantly, their high expression 
is closely associated with immune cell dysfunction in the 
tumor microenvironment.
In summary, this study sheds light on the unique aspects 
of heterogeneity in MM cells and the altered functional 
states of immune cells. We have constructed a novel risk 
stratification tool, the MR-ISS score, which can efficiently 
identify ultra-high-risk patients with very poor outcome, 
which might guide the development of novel therapeutic 
strategies to benefit these ultra-high-risk patients.
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