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ABSTRACT

Background: The investigation of cuproptosis in relation to tumor development has been limited, particularly in multiple mye-
loma (MM), indicating the need for further research. Our study aimed to examine the impact of cuproptosis-related genes (CRGs)
on the prognosis of MM.

Methods: Using the datasets, we filtered cuproptosis score-related differentially expressed genes (CRDEGs) by overlapping the
DEGs between the MM and normal groups and between the high and low cuproptosis score groups. Additionally, key module
genes were identified through weighted gene co-expression network analysis. A univariate Cox algorithm and multivariate Cox
analysis were employed to obtain biomarkers of MM and build a prognostic model before conducting independent prognostic
analysis.

Results: A total of 59 CRDEGs were filtered, demonstrating their involvement in the COPII vesicle coat and endoplasmic re-
ticulum protein processing, and protein processing in the endoplasmic reticulum. Six prognosis-related biomarkers (PARP1,
EDEM3, SEC23A, RSL24D1, TTC37, and SRP72) were obtained, and a prognostic model was developed. The performance of the
model was verified using a test cohort (GSE136324 dataset) and a validation cohort (GSE24080 dataset). Risk score, age, albu-
min, International Staging System (ISS) score, and 32-microglobulin (B2M) were found to be significant predictors of prognosis
independently.

Conclusion: As a result of this investigation, a set of six biomarkers associated with cuproptosis (PARP1, EDEM3, SEC23A,

RSL24D1, TTC37, and SRP72) were screened to provide a basis for predicting the prognosis of MM.

1 | Introduction

Multiple myeloma (MM) presents as a type of blood cancer, rep-
resenting 10% of all hematological malignancies [1] and causing
more than 10000 deaths annually [2]. Characterized by the ab-
normal secretion of immunoglobulins and expansion of clonal
plasma cells in the bone marrow (BM), MM presents with clin-
ical features such as hypercalcemia, renal impairment, anemia,
and bone lesions [3]. Recent advancements in medical treat-
ments, such as the increasing usage of proteasome inhibitors,

immunomodulators, and monoclonal antibodies, have signifi-
cantly enhanced the survival rates of individuals with MM
[4, 5]. However, there has been no significant progress in assess-
ing prognostic indicators in patients with MM. Furthermore, the
response to treatment is variable given the large heterogeneity of
MM. A more accurate prognosis assessment will help to specify
individualized diagnosis and treatment measures. Therefore, it
is essential to explore new biomarkers to distinguish patients
with MM with different prognoses and identify novel therapeu-
tic targets.
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Efforts to devise treatment plans that target cancer cell destruc-
tion through the initiation of cellular demise are a prominent
area of research within the realm of clinical oncology. Previous
studies have shown that cancer cell apoptosis resistance is the
main reason for the failure of tumor therapy, and it is more ef-
fective to eliminate cancer cells through the non-apoptotic reg-
ulatory cell death (RCD) pathway than through the apoptotic
RCD pathway [6]. A vital constituent for bodily metabolism,
copper acts as a crucial factor in the operation of numerous
enzymes within the body. Copper can trigger macroautophagy
or autophagy, and it is a lysosome-dependent degradation path-
way that plays a dual role in regulating the survival or death
of cells under various stress conditions. Additionally, the in-
volvement of copper contributes to the process of programmed
cell death. Moreover, cell death is induced when the number of
copper ions in the cells is too high. Tsvetkov et al. [7] recently
proposed that copper-induced cell death, termed cuproptosis,
targets fatty acylated tricarboxylic acid (TCA) cycle proteins
and ultimately inhibits the respiratory regulatory function of
mitochondria to induce cell death [7, 8]. Cuproptosis is a dis-
tinct form of cell death, differing from cell death caused by
other mechanisms such as apoptosis, ferroptosis, and necro-
sis. The main process of cuproptosis depends on the level of
copper ions in the cell. When excess Cu?* enters the cell, it is
transported to the mitochondria and reduced to Cu*. This Cu*

interferes with the TCA and electron transport chain, leading
to oligomerization of fatty acylated proteins and loss of FeS
cluster proteins, ultimately leading to cell death. Research has
identified a notable variance in the copper levels found in the
bloodstream of individuals diagnosed with tumors as opposed
to those who are considered healthy [9-11]. Copper can pro-
mote the growth and metastasis of tumors and is closely re-
lated to the occurrence and development of cancer [12, 13].
Studies have confirmed the value of copper chelators as ther-
apeutic drugs that breakthrough drug-resistance bottlenecks
in breast cancer, liver cancer, lung cancer, and melanoma [14].
Cuproptosis inducers can trigger the process of cuproptosis in
cells. For example, illisto uses copper ions as a carrier to induce
cuproptosis in cells by introducing copper ions into cells and
interfering with FeS cluster biosynthesis, which has a potential
anti-cancer effect. cuproptosis provides a new perspective for
tumor treatment. However, the mechanism of cuproptosis in
MM remains a puzzle.

Utilizing the MM transcriptome and clinical data from the Gene
Expression Omnibus (GEO) database, a series of biomarkers
related to cuproptosis in MM were identified. A deeper under-
standing of the molecular mechanisms of cuproptosis in MM
will help the subsequent development of new molecular targeted
drugs. It can provide new treatment ideas for MM, especially for
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FIGURE1 |

Survival with high and low copper mortality scores. According to the median cuproptosis score, the GSE136324 samples were di-

vided into a high-risk group and a low-risk group, and the overall survival time between the two groups was significantly different. The blue curve

represents the low-risk group, the red curve represents the high-risk group, and there was a significant difference in survival time between the two

groups (p=0.029, p <0.05).
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relapsed and refractory MM, and help to improve the efficacy
of MM.

2 | Materials and Methods
2.1 | Data Collection for Patients With MM

Datasets such as GSE47552 [15], GSE136324 [16], and GSE24080
[17-19] were extracted from the GEO database. Utilizing the
GSE47552 dataset (GPL6244), which consisted of the RNA-seq
data of BM from five normal individuals and 44 MM cohorts,
was aimed at conducting a comparative analysis. Concurrently,
the GSE136324 dataset (GPL27143) was employed for survival
analysis, encompassing the RNA-seq data of whole bone mar-
row (WBM) sourced from 867MM samples. Moreover, data

from the GSE24080 dataset (GPL570), which consisted of RNA-
seq data from BM plasma cells of 558 MM samples, served as an
independent validation set. Subsequently, 10 cuproptosis-related
genes (CRGs) were obtained from a previous report [7].

2.2 | Identifying Key Module Genes by Employing
WGCNA Filtering Techniques

The cuproptosis score was computed for each sample in the
GSE136324 dataset via the ssGSEA algorithm, and all samples
were classified into high and low cuproptosis score groups.
Meanwhile, the analysis of overall survival was carried out
by correlating with the patients’ survival data in MM. The co-
expression network was constructed using WGCNA (v 1.69) [20]
based on the GSE136324 dataset.
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FIGURE 2 | The pathways involved in differential genes were explored through enrichment analysis. The differentially expressed cuproptosis
genes may primarily play a role in protein folding and processing in the endoplasmic reticulum. (A) The intersection of three gene sets (GSE47552,
GSE136324, and WGCNA) yielded 59 genes, all of which were differentially expressed cuproptosis genes. (B) Enrichment analysis obtained 13 sig-

nificant GO items (p <0.05). (C) Enrichment analysis of the 59 genes revealed one significant Kyoto Encyclopedia of Genes and Genomes pathway,

namely, protein processing in the endoplasmic reticulum (p=0.00173).
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2.3 | Exploring and Identifying Differentially
Expressed Genes Related to the Cuproptosis Score
Through Screening and Enriching Their Functional
Relevance

Initially, the limma package (v 3.44.3) was utilized to identify
differentially expressed genes (DEGs) between the MM and nor-
mal groups [21] In the GSE47552 dataset according to p<0.05

and llog,FCI>0.5. Meanwhile, DEGs between the high and low
cuproptosis score groups were selected in the GSE136324 dataset
with p<0.05 and llog,FC|>0.5. The findings from the contrast
analysis are visually presented using a volcano plot. The visual-
ization showcases the expression patterns of the top 100 DEGs.
The cuproptosis score-related differentially expressed genes
(CRDEGs) were screened by overlapping the DEGs between
the MM and normal groups with those between the high and

A B
® High risk
* Low risk
<
2 A ¢
' Q ®
pvalue Hazard ratio | & g
| ]
LN+
14
PARP1 0.0035 1.6(1.2-2.2) : ; ] threshold = 1.0162
| -
EDEM3 0.0082 1.5(1.1-2) : —_—
I =}
SEC23A 0.048 1.4 (1-2) } \ <l
\ ps
| N4
RSL24D1 0.13 1.4 (0.91-2) :I 4 -
2o |
[} S+
] k=
TTC37 0.04 0.6 (0.36-0.98) —— g%
1 '§‘° ]
SRP72 0.021 0.58 (0.36-0.92) ——y : s,
0’ 100 15 20 *
Hazard ratio 1
o]
c Kaplan—-Meier Curve for Survival
Risk =& group=high =& group=low
1.00
0.75
2
3
[}
8
& 0.50
)
2
I
>
(2]
0.25
p <0.0001
0.00
0 5 10 15
time (years)
Number at risk
% group=high{ 302 199 66 0
& group=low{ 305 260 105 0
0 5 10 15
time (years)
FIGURE 3 | Cox regression analysis. (A) After multivariate Cox analysis, a total of six genes were found to be significant. (B) Cuproptosis risk

increased progressively from left to right. Samples were divided according to the median value into high- and low-risk groups. Blue represents the
low-risk group, while red represents the high-risk group; the low-risk group had a longer follow-up. (C) Red represents the high-risk group and blue
represents the low-risk group. Survival analysis of the high- and low-risk groups is depicted in the following figure, which showed that there were
significant differences in survival (p=0.035, p <0.05). (D) Clinical traits are listed at the top of the heatmap, with the first line illustrating the risk
group (blue for low risk, green for high risk). Each small square in the heatmap represents a gene, with color intensity indicating gene expression
levels (darker colors indicate higher expression levels).
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FIGURE3 | (Continued)

low cuproptosis score groups, in addition to key module genes.
Enrichment analyses of CRDEGs using the clusterProfiler pack-
age(v 3.16.0) were conducted for gene ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes [22].

2.4 | Construction and Assessment
of the Prognostic Model

The samples of the GSE136324 dataset were classified into train-
ing and test cohorts at a ratio of 7:3 (training cohort=607, test
cohort=259). The univariate Cox algorithm [23] was used for
CRDEGs to acquire candidate genes, which were then subjected
to multivariate Cox analysis. The genes gained were used as
biomarkers in this study. Patients were classified into high- and
low-risk groups according to the optimal truncation values of
the risk score computed from the cuproptosis-related biomark-
ers: Riskscore= Z'f coef(genes) x expression (genes). Kaplan-
Meier (K-M) survival curves were drawn, and the survival ROC
package (v 1.16.2) [24] was utilized to compute the area under
the curve (AUC) values for receiver operating characteristic
(ROC) curves to assess the predictive accuracy of the model. The
correlation between risk score and clinical characteristics was
assessed using the chi-square test. The statistics were illustrated
by a heatmap. The prognostic model was verified using a test
cohort and an external validation cohort (GSE24080 dataset).

2.5 | Independent Prognostic Analysis

Primary analysis was conducted on clinicopathological vari-
ables and the prognostic model within a subset of 607 cases from

the GSE136324 dataset's training group. Following this, a nomo-
gram was developed and visually represented, with an assess-
ment of the model's performance conducted through calibration
curve analysis.

2.6 | Screening and Gene Set Enrichment Analysis
(GSEA) of Risk-Related DEGs

Risk-related DEGs were selected in the training cohort of
the GSE136324 dataset with p<0.05 and Ilog,FCI>0.5.
Subsequently, GSEA was performed to identify the enriched
regulatory pathways and biological functions of each DEG
with INESI>1, NOM p<0.05, and q<0.25. Finally, the top
10 results for GO and KEGG significance were visualized
separately.

2.7 | Immuno-Microenvironmental Analysis

Utilizing the CIBERSORT algorithm (v 1.03), the analysis was
performed to calculate the percentage of 22 different immune
cell subtypes in each sample. This calculation was performed
within the training cohort of the GSE136324 dataset. A visu-
alization representing the associations among different types
of immune cells was generated. Following this, a compari-
son was made between the differential immune cells found
in both groups, with a box plot being generated. Following
this, an analysis was conducted to assess the relationship
between biomarkers and the different immune cells utiliz-
ing the Spearman method, with the outcomes being visually
represented.
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2.8 | Statistical Analysis

The analysis of all biological information was conducted using
the R programming language. Utilizing the Wilcoxon test, com-
parisons were made among the data from various groups.

3 | Results

3.1 | Grouping of High and Low Cuproptosis
Scores and Screening of Key Module Genes

Each sample in the GSE136324 dataset was classified into high-
and low-score groups (high-score group, n=434, low-score
group, n=433) according to the median cuproptosis scores com-
puted by the sSGSEA algorithm. A more favorable outlook was
observed among those with lower cuproptosis scores (Figure 1).

3.2 | Screening and Functional Enrichment
of CRDEGs

A total of 3510 DEGs were identified between the MM and nor-
mal groups, along with 513 DEGs between the high and low

Kaplan—-Meier Curve for Survival

cuproptosis score groups. A total of 59 CRDEGs, including key
module genes, were identified through the overlap of DEGs from
the MM and normal groups, as well as from the high and low
cuproptosis score groups (Figure 2A).

The potential functions of the 59 CRDEGs were predicted using
GO and KEGG pathway analysis. The GO term annotation in-
dicated that NRDEGs primarily participated in the COPII ves-
icle coat, EMC complex, vesicle coat, and integral component
of organelle membrane (Figure 2B). KEGG enrichment results
included protein processing in the endoplasmic reticulum
(Figure 2C).

3.3 | Biomarker Screening and Prediction Model

In total, six prognosis-related biomarkers (PARP1, EDEM3,
SEC23A, RSL24D1, TTC37, and SRP72) were acquired by uni-
variate and multifactor Cox analyses (Figure 3A). Patients
were classified into high- and low-risk groups on the basis of
the optimal truncation values (training cohort=1.016153;
test cohort=1.177333; external validation cohort=1.129844).
Additionally, survival data of the patients were analyzed, and
risk curves were generated (Figure 3B). Survival analysis curves
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K-M survival curve. According to the expression levels of six genes, the risk score for each patient was calculated, and patients

were subsequently divided into two groups according to the risk scores. Red represents the high-risk group, and blue represents the low-risk group.

Survival analysis comparing the high- and low-risk groups revealed significant differences in terms of survival (p <0.05).
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showed that the low-risk group of the training cohort had a
higher survival rate than the high-risk group (Figure 3C). The
results of the ROC curves revealed that the model had a decent
predictive performance with AUCs >0.6 (1-, 3-, and 5-years).
By comparing the different proportions of the two groups of pa-
tients in the different subgroups, it was found that ISS and R-ISS
were significant (Figure 3D).

Subsequently, the model's predictive performance was as-
sessed using a test cohort and an external validation cohort.
Demonstrated by the risk profile plots and survival curves in the
test cohort, findings were in line with those from the training
cohort (Figure 4). The AUC values for the test cohort were all
> 0.6, with similar results observed for the external validation
cohort.
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3.4 | Identification of Independent Prognostic
Factors and Model Evaluation

In total, five significant factors (risk score, age, albumin, ISS,
and B2M) were identified after analytical screening (Figure 5A).
Utilizing the quintet of significant predictors, a predictive no-
mogram was employed to estimate patient OS over the course
of 1, 3, and Syears (Figure 5B). As illustrated by the calibration
curve, the precision of the nomogram was decent and optimally
predicted at 1year.

3.5 | GSEA of Risk-Related DEGs

A total of 239 significantly differentially expressed genes were
identified by enrichment analysis in the comparison between
high- and low-risk groups (Figure 6A). GSEA was performed
to explore the access regulatory pathways and molecular func-
tions of risk-related DEGs. Significant pathways identified in the
KEGG enrichment analysis included regulation of cell death,
signaling cascade mediated by B cell receptor, and organelle
degradation processes (Figure 6B). DEGs were mainly enriched
in GO terms such as cellular response to topologically incorrect
protein, detection of stimulus, and cellular response to unfolded
protein (Figure 6C).

3.6 | Immune Infiltration Analysis

The representation of the 22 immune cell types in each sample
is illustrated by the bars, while the heatmap depicts the relation-
ships among these immune cells. The box plot indicated 13 types
of immune-infiltrating cells (Figure 7A). The analysis of correla-
tions unveiled that EDEM3 and SRP72 demonstrated positive
associations with activated NX cells and displayed negative asso-
ciations with memory B cells (Figure 7B), while PARP1 was neg-
atively correlated with plasma cells (Figure 7B). Furthermore,
RSL24D1 was positively associated with resting mast cells and
negatively associated with CD8 T cells (Figure 7B). SEC23A
was positively associated with resting mast cells (Figure 7B),
and TTC37 was negatively correlated with M2 macrophages
(Figure 7B).

4 | Discussion

MM is a malignant hematologic tumor that originates from B
cells and is second only to lymphoma in terms of incidence. In
2020, the number of new MM cases and deaths globally reached
176404 and 117077 [6], respectively, and will continue to rise.
Abnormal proliferation of plasma cells is the primary cause of
MM, which leads to the inhibition of BM hematopoietic function,
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resulting in clinical manifestations such as anemia, renal dys-
function, hypercalcemia, and bone destruction. Although the
clinical application of proteasome inhibitors, immunomodula-
tors, and CD38 monoclonal antibodies has prolonged the OS and
PFS of patients, the disease's complexity and interaction with the
BM microenvironment contribute to high rates of relapse among
patients. thus, the challenge of finding a definitive cure for MM
persists [25]. Therefore, searching for new prognostic markers
and exploring therapeutic targets are current research hotspots.

Matuszczak [26] suggests that essential elements play a crucial
role in anti-cancer protective mechanisms. Zinc and copper
have been recognized as influential in the occurrence of cancer,
such as breast and ovarian cancer. Within the cell, the presence
of zinc ions influences the functioning and stability of the p53
protein. When zinc levels are too high, they disrupt the structure
of the p53 protein and reduce its ability to bind to DNA. Copper
has the ability to outcompete zinc for its typical binding posi-
tion on p53, which can cause improper protein folding and in-
terfere with the normal function of p53 [27]. Copper participates
in antioxidant pathways that protect lipids from peroxidation.
It helps maintain the balance between oxidized and reduced
forms of molecules within cells. In cancer cells, the level of cop-
per manifests in two distinct biological traits: stimulating tumor
development by promoting cell proliferation, metastasis, and
angiogenesis, and it can also induce programmed cell death in
tumor cells, thereby impeding tumor progression.

Based on the clinical traits and genomic data of patients with
MM in the GEO database, we identified six CRGs (PARPI,
EDEM3, SEC23A, RSL24DI1, TTC37, and SRP72) that were

significantly associated with prognosis. The correlation regres-
sion coefficient was used to calculate the risk score, and a fur-
ther risk model was constructed to better predict the prognosis
of MM survival. Within our investigation, the main focus of our
investigation was on the enrichment of the six CRGs in cellular
processes related to protein handling within the endoplasmic
reticulum, involving the structural framework of the COPII ves-
icle coat, playing a crucial role in the structure of the mitochon-
drial outer membrane, Bag lamination, along with the presence
of alpha-mannosidase functionality.

PARP1 belongs to the family of poly (ADP-ribose) polymerase
enzymes, which are primarily involved in the DNA damage re-
pair process. PARP Super Series plays a crucial role in the re-
pair mechanism of DNA damage. Through the activation of the
nuclear factor NFAT, it has the capability to influence the dif-
ferentiation of CD4+ T cells. Additionally, in collaboration with
Foxp3, it modulates the TGF-f receptor expression in CD4+
T cells, leading to the activation of its poly ADP-ribosylation
process. PARPI protects macrophages from oxidation-induced
death. PARP inhibitors have been reported to achieve good re-
sults in treating ovarian cancer, gastric cancer, and other solid
tumors [28]. High cytotoxic concentrations of copper have been
associated with the induction of oxidative DNA damage and
the impairment of repair mechanisms for oxidative DNA dam-
age caused by visible light at lower noncytotoxic levels. Copper
can induce DNA strand breaks, where poly (ADP-ribosyl)ation
is the first nuclear event following DNA strand break induc-
tion. PARPI is believed to mediate the main part of poly (ADP-
ribosyl)ation. It has already been reported that the activity of
isolated PARPI is strongly inhibited by copper [29]. Combined
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FIGURE 7 | CIBERSORT algorithm employed to infer the abundance of immune cells. (A) A total of 13 of the 22 types of immune cells exhibited

significant variances, including B cell memory, plasma cells, CD8 T cells, gamma delta T cells, resting NK cells, activated NK cells, monocytes, MO

macrophages, M1 macrophages, M2 macrophages, activated dendritic cells, resting mast cells, and eosinophils. (B) The correlation between these 13

significant immune cell types and the six prognostic genes was calculated and mapped separately.
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with the above research results, it is speculated that the overex-
pression of PARPI may lead to the uncontrolled proliferation of
MM tumor cells, thus leading to the occurrence of MM [30-32].

The relationship between EDEM3, SEC23A, RSL24D1, TTC37,
SRP72, and copper has not been studied previously. Involved in
the processing of misfolded glycoproteins, EDEM3 functions as
a mannosidase that removes mannose residues, targeting them
for degradation by the ERAD pathway. Furthermore, the upreg-
ulation of certain genes related to the response of improperly
folded proteins has been noted in prostate cancer [33-35]. It has
been reported that high concentrations of copper trigger an un-
folded protein response, resulting in increased protein damage,
decreased oxidative phosphorylation, and enhanced ROS, lead-
ing to mitochondrial damage [36] and ultimately cell death. The
region of 14921 is where SEC23A is positioned. Consisting of 22
exons, this gene plays a role in building COPII and facilitating
the transfer of the majority of secreted proteins from the endo-
plasmic reticulum matrix to the Golgi apparatus. The function
of SEC23A extends to playing a role in the pathogenesis and pro-
gression of various types of solid tumors [37-39]. The level of
SEC23A has been shown to be inversely correlated with follic-
ular helper T cells, Tregs, activated NK cells, and myeloid den-
dritic cells [40]. SEC23A inhibits the self-renewal of melanoma
CSCs by inactivating ER phagocytosis. Mechanistically, inhibi-
tion of SEC23A reduces endoplasmic reticulum stress, thereby
reducing FAM134B-induced endoplasmic reticulum phagocyto-
sis. Cancer stem cells can use the SEC23A/ER stress/FAM134B/
ER phagocytosis axis for self-renewal. Therefore, if the expres-
sion level of SEC23A can be inhibited, it can block tumor stem
cell renewal [41].

Initially recognized for its role in the biogenesis process of the
60S ribosomal subunit, RSL24D1 was first identified. Depletion
of RSL24D1 results in the disruption of pre-ribosomal RNA
(pre-rRNA) transcription, causing a reduction in protein syn-
thesis and stabilization of p53 in human cells [42]. TTC37 mu-
tation is primarily studied in hairy hepatic enteric syndrome,
and there has been no evidence of an association with tumor-
igenesis [43]. SRP72 is part of the signal recognition particle
(SRP) complex, responsible for targeting proteins in the endo-
plasmic reticulum. It has been reported that SRP72 is involved
in the binding of SRP receptors and the bearing of signal se-
quences for newly translated proteins into the lumen of the en-
doplasmic reticulum [44]. When SRP72 cannot bind to SRP68,
it may lead to incorrect translocation of proteins destined for
the cell membrane or extracellular space, leading to tumori-
genesis. The discovery of the primary hydrophobic, concave
bonding region on SRP72 linked to SRP68 opens doors for the
creation of compounds that could be utilized in treating can-
cer. Overall, all six crucial genes were found to be involved in
the development and progression of tumors through protein
processing in the endoplasmic reticulum.

In this study, six genes that may be associated with the prognosis
of MM were screened through dataset analysis. By drawing the
ROC curve, we confirmed the validity of the risk model (AUC
>0.6), and then verified it using an external dataset, indicating
that the novel risk model could effectively predict the prognosis
of MM. As expected, the enrichment analysis of GO and KEGG
pathways was significantly associated with DNA repair, the

ERAD pathway, and the endoplasmic reticulum unfolded pro-
tein response. These pathways are closely related to tumorigen-
esis. Our findings provide a new direction for the treatment and
prognosis of MM. However, the above-mentioned genes have
been rarely studied in hematological tumors, and further exper-
imental mechanism research is needed to obtain further confir-
mation and to strive to provide new ideas for the treatment of
MM. The prognosis of MM is related to many factors, including
age, the general condition of patients, the number of myeloma
cells, the development stage of the disease, and the response to
treatment, etc. Although the outcome of MM has been greatly
improved with the current research on new drugs, almost all pa-
tients are facing relapse, and the prognosis of MM patients still
needs to be improved. Appropriate targets should be selected
for the precise treatment of MM. The prognosis model proposed
in this study is intended to supplement the existing prognosis
models.
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