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Abstract
Background About 10% of hematologic malignancies are multiple myeloma (MM), an untreatable cancer. Although 
lactate and branched-chain amino acids (BCAA) are involved in supporting various tumor growth, it is unknown 
whether they have any bearing on MM prognosis.

Methods MM-related datasets (GSE4581, GSE136337, and TCGA-MM) were acquired from the Gene Expression 
Omnibus (GEO) database and the Cancer Genome Atlas (TCGA) database. Lactate and BCAA metabolism-related 
subtypes were acquired separately via the R package “ConsensusClusterPlus” in the GSE4281 dataset. The R package 
“limma” and Venn diagram were both employed to identify lactate-BCAA metabolism-related genes. Subsequently, 
a lactate-BCAA metabolism-related prognostic risk model for MM patients was constructed by univariate Cox, 
Least Absolute Shrinkage and Selection Operator (LASSO), and multivariate Cox regression analyses. The gene set 
enrichment analysis (GSEA) and R package “clusterProfiler"were applied to explore the biological variations between 
two groups. Moreover, single-sample gene set enrichment analysis (ssGSEA), Microenvironment Cell Populations-
counter (MCPcounte), and xCell techniques were applied to assess tumor microenvironment (TME) scores in MM. 
Finally, the drug’s IC50 for treating MM was calculated using the “oncoPredict” package, and further drug identification 
was performed by molecular docking.

Results Cluster 1 demonstrated a worse prognosis than cluster 2 in both lactate metabolism-related subtypes and 
BCAA metabolism-related subtypes. 244 genes were determined to be involved in lactate-BCAA metabolism in MM. 
The prognostic risk model was constructed by CKS2 and LYZ selected from this group of genes for MM, then the 
prognostic risk model was also stable in external datasets. For the high-risk group, a total of 13 entries were enriched. 
16 entries were enriched to the low-risk group. Immune scores, stromal scores, immune infiltrating cells (except Type 
17 T helper cells in ssGSEA algorithm), and 168 drugs’IC50 were statistically different between two groups. Alkylating 
potentially serves as a new agent for MM treatment.
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Background
Multiple myeloma (MM), a plasma cell malignancy char-
acterized by abnormal expansion of clonal plasma cells 
in the bone marrow, is the second most common hema-
tological tumor in adults [1]. Over the past two decades, 
the emergence of new drugs and treatments have greatly 
improved the response rate and survival rate of patients 
with multiple myeloma [2, 3]. Nevertheless, high-risk 
MM patients still have disease recurrence and aggrava-
tion [4]. Due to the obvious heterogeneity in pathogene-
sis, clinical manifestations and prognosis of MM patients, 
it is of great research value and space to find more effec-
tive and reliable molecular markers for individualized 
treatment.

Lactate is the final metabolic waste product of glycoly-
sis. Lactate production and accumulation in tumors can 
promote tumor growth and metastasis, and tumor cells 
can also take up and utilize lactate. High serum lactate 
level is associated with poor prognosis, overall survival, 
disease-free survival, and metastasis-free survival in 
breast cancer [5] and other cancers [6, 7]. Excessive lac-
tate inhibits the normal function of T cells, resulting in 
poor anti-tumor effect of immunotherapy [8]. With the 
development of tumor metabolism and gene therapy 
research, lactate metabolism-related genes (LMRGs) 
have been considered as very valuable tumor therapeutic 
targets [9]. Lactate dehydrogenase (LDH) is the enzyme 
responsible for the reciprocal conversion of lactate and 
pyruvate. High serum LDH is associated with advanced 
disease characteristics and a poor survival rate of MM 
[10]. However, the relationship between lactate and MM 
remains unclear.

Branched chain amino acids (BCAAs), including leu-
cine, isoleucine and valine, are essential amino acids of 
the body. The main metabolic pathway of BCAA is deg-
radation metabolism. BCAAs is not only an important 
nutrient in the human body, which can provide essential 
raw materials for protein synthesis, but also participates 
in many physiological and pathological processes in the 
body through various metabolic pathways. At present, 
the biological mechanism between circulating branched-
chain amino acids and tumor development is not clear. 
BCAAs promote the growth of cancer by participating in 
biosynthesis pathways and providing energy [11]. In addi-
tion, it can also help tumors escape the surveillance of 
immune cells [12]. The previous finding has shown that 
branched-chain amino acid transaminase 1 promotes 

the occurrence of mitochondria by activating the mTOR 
pathway, and then promotes the growth enhancement 
of breast tumor cells [13]. This was demonstrated in a 
number of studies that branched chain amino acid trans-
aminase 1 may play a vital role in the prognosis of many 
tumors [12, 14, 15] and is considered as a prognostic bio-
marker of breast cancer [14]. However, the relationship 
between it and MM has not been studied so far.

Here, our research has demonstrated that the com-
bined expression of lactate and branched chain amino 
acid metabolism genes is a reliable indicator of myeloma 
prognosis and can be utilized to guide treatment deci-
sions. 256 samples were divided into high and low-risk 
groups by consensus clustering and the Kaplan-Meier 
(K-M) survival curves were drawn, which revealed that 
the survival of MM correlated with lactate metabolism 
and the related branched chain amino acids. In addition, 
the cytotoxic lymphocytes were significantly decreased 
high-risk groups, which could potentially reduce the 
anti-tumor effect. The risk score and independent prog-
nosis of each clinical factor were investigated by univari-
ate and multivariate regression. Importantly, the multiple 
metabolic genes (CKS2 and LYZ) correlated with mark-
edly patient survival in MM were identified from this 
study. Temozolomide, alkylating agents, could be an 
alternative solution to treating myeloma patients whose 
branched chain amino acid and lactate levels are abnor-
mal. In this study, a novel prognostic prediction model 
for multiple myeloma was developed, which was based 
on a gene signature related to lactate and chain amino 
acid metabolism.

Materials and methods
Collection of the date of the MM
GSE4581 (high purity bone marrow plasma cells from 
MM patients) and GSE136337 datasets (biopsy tissue of 
whole bone marrow) were sourced from the GEO data-
base (https://www.ncbi.nlm.nih.gov/geo/). The prog-
nostic signature was trained using the GSE4581 dataset, 
which contained data on 256 MM patients who had 
received TT2 prior to diagnosis. The GSE136337 dataset 
that contained 426 MM samples was utilized as a valida-
tion set for the assessment of the prognostic risk model. 
787 samples (bone marrow tissue) and the clinicopatho-
logical information of MM were sourced from the TCGA 
databases (https://tcga-data.nci.nih.gov/) and also used 

Conclusions CKS2 and LYZ were identified as lactate-BCAA metabolism-related genes in MM, then a novel 
prognostic risk model was built by using them. In summary, this research may uncover novel characteristic genes 
signature for the treatment and prognostic of MM.
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to validate the prognostic signature. Each sample in these 
three datasets was with survival data.

Meanwhile, 13 lactate metabolism-relate genes 
(LMRG) and 27 BCAA metabolism-relate genes were 
acquired based on the GeneCards (https://www.gen-
ecards.org/) and Molecular Signatures Database 
(MSigDB, https://www.gsea-msigdb.org/gsea/msigdb/), 
respectively.

Consensus clustering
Based on the expression of 13 LMRG, the R package 
“ConsensusClusterPlus” [16] was utilized to identify dif-
ferent lactate metabolism-related subtypes among the 
MM samples. Likewise, BCAA metabolism-related sub-
types of MM samples were generated according to the 
expression patterns of 27 BCAA metabolism-related 
genes as well. Principal component analysis (PCA) was 
applied to validate these clustering results. Additionally, 
the R package “Survival” was utilized to compare the 
overall survival (OS) among different subtypes. Besides, 
the expression heatmap of related genes in different sub-
types of MM was pictured.

Acquirement of differentially expressed genes (DEGs) in 
different subtypes
The limma package [17] based on |log2FC|>0.5 and 
p.adjusted < 0.05 was used to screen DEGs among lac-
tate metabolism-related subtype and BCCA metabolism-
related subtype, respectively. The “ggplot2” was adopted 
to plot the volcanic maps and heatmaps [18] and “pheat-
map” [19] to visualize DEGs. Moreover, Gene Ontology 
(GO) and Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway enrichment analysis of DEGs was done 
with the “clusterProfiler” R package [16]. The “ggplot2” 
was utilized to display the outcome.

Construction and validation of the prognostic risk model 
of MM
By using univariate Cox analysis of intersecting genes 
(lactate-BCAA metabolism-related gene) in the training 
set, the prognosis-related genes were acquired (P < 0.005) 
Subsequently, the most predictive prognostic genes 
were identified by LASSO [20] analysis and multivari-
ate Cox analysis then sequentially. Based on the median 
risk score, the training set of MM patients was separated 
into two groups. Kaplan-Meier (KM) curves were then 
utilized to show the difference in OS between the two 
groups. The “survROC” was applied to display the ROC 
curves [21] to perform an assessment of the prognostic 
capability of prognostic risk model. At last, we validated 
the prognostic risk model in the external validation 
GSE136337 dataset and TGCA-MM.

The relationship between the clinical characteristics and 
the risk scores
The following analyses were performed to explore the 
relationship between clinical characteristics and risk 
scores. The chi-square test was applied to identify clinical 
characteristics that were substantially different between 
the two groups. For clinical characteristics classified dif-
ferentially in the two groups, survival analysis was carried 
out using K-M curves.

Analysis of independent prognostic
To determine if clinicopathological characteristics and 
risk scores were independent predictive factors for MM 
patients, univariate and multifactorial Cox analyses 
were performed. The “rms” (Harrell Jr FE (2022). _rms: 
Regression Modeling Strategies_. R package version 6.3-
0, <https://CRAN.R-project.org/package=rms>) was 
adopted to construct the nomogram to predict survival 
probability based on independent prognostic criteria.

Biological differences between two groups
Based the following criteria: |log2FC|>0.5, P.Value < 0.05, 
the DEGs were acquired using the “limma”, and GO and 
KEGG analysis were adopted to the DEGs. Additionally, 
the enrichment pathways were investigated using GSEA.

Tumor microenvironment analysis
The ssGSEA [22] was adopted to calculate The abundance 
of distinct immune cell infiltrations in all of the MM sam-
ples. Microenvironment Cell Populations-counter (MCP-
counter), and xCell algorithms in order to appropriately 
analyze the tumor microenvironment of MM. Seven 
immunomodulators’ differential expression in the train-
ing set was assessed using the Wilcoxon rank-sum test.

Drug prediction analysis
Using the “oncoPredict” R program, the therapeu-
tic medicines for MM were predicted based on GDSC 
(https://www.cancerrxgene.org/) [23]. To compare the 
two groups’ differences in drug sensitivity, we adopted 
the Wilcoxon rank-sum test. Then, the characteristic 
gene’s protein structures were sourced from the PDB 
database (http://www.rcsb.org/), and AutoDock Tools 
was applied to calculate the protein hydrogenation and 
charge [24]. PubChemdatabase(https://www.ncbi.nlm.
nih.gov/pccompound/) was applied for downloading 
the chemical structures of medicines’ active ingredients. 
The AutoDock tool was used to check the charge balance 
and rotatable bonds of tiny molecules. To produce dock-
ing energy, AutoDock Vina [25] ran docking simulations. 
To view the docked complexes, PyMol software [26] was 
lastly employed.

https://www.genecards.org/
https://www.genecards.org/
https://www.gsea-msigdb.org/gsea/msigdb/
https://CRAN.R-project.org/package=rms%3E
https://www.cancerrxgene.org/
http://www.rcsb.org/
https://www.ncbi.nlm.nih.gov/pccompound/
https://www.ncbi.nlm.nih.gov/pccompound/
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Extraction of total RNA from spinal fluid samples and qRT-
PCR
To confirm the expression pattern of the characteristic 
genes in MM more precisely, bone marrow fluids of 14 
MM patients and 14 normal samples were used for this 
study. 500ul of each sample was taken separately, and 
all intracellular RNA was extracted by Trizol reagent, 
and the quality of the extracted RNA were detected by 
nanodrop (Thermo scientific). The extracted RNA was 
reverse transcribed to cDNA according to manufacture 
instructions to detect the following targets expression. 
The BlazeTaq™ SYBR® Green qPCR Mix2.0 kit (Geneco-
poeia) and the following reaction system were uutilized 
to perform qRT-PCR reactions next. Primer sequences 
are shown in Table S1. The CT values of each gene were 
counted, and the relative expression of characteristic 
genes was analyzed according to the 2-ΔCt method using 
GAPDH as the internal reference gene.

Gene silencing
siRNAs and negative control were transfected into 
MM1.S cells by using INTERFERin® (Poly-Plus Corpo-
ration) reagent. After 48 h, the cells were harvested and 
used for rest experiments. The siRNA sequences are pro-
vided in Table S3.

Cell proliferation analysis
Cells(2.0 × 104) were transfected and seeded into 96-well 
plates. After 48 h of culturing, WST-8 solution (Enhanced 
Cell Counting Kit-8, 1:10) was added and incubated for 
two hours to measure cell proliferation. The OD value 
was ascertained by a microplate reader.

Transwell Assay
For migration and invasion assays, cell suspensions 
of 3 × 105 and 5 × 105 cells in serum free medium were 
seeded on Transwell membranes (8 μm pore size, Costar, 
Corning Incorporated, NY, USA). The membranes were 
coated with or without Matrigel (BD Biosciences, NJ, 
USA) for the invasion assay or the migration assay. Fol-
lowing incubation, cells on the upper membranes were 
fixed and stained with crystal violet for 30 min. 10% FBS 
was added to the medium in the lower chambers. Subse-
quently, the migrated or invade cells were imaged using 
a microscope (Nikon, Tokyo, Japan). To quantify the 
cells that had migrated into the lower chambers within 
24 h, FACSCalibur flow cytometer (BD Biosciences) was 
utilized.

Apoptosis analysis
Cells were transfected with siRNA for 48 h, after which 
they were collected and centrifuged. Subsequently, the 
medium was removed and the cells were stained with 
annexin V/FITC and 7AAD (4  A Biotech). Finally, the 

cells were stored in the dark at room temperature for 
15 min. Flow cytometry analyses were conducted by uti-
lizing a FACSCalibur flow cytometer (BD Biosciences) to 
identify cell apoptosis. FlowJo software was used to ana-
lyze the data.

Statistical analysis
All analyses were conducted utilizing R version 3.4.1 and 
its associated packages. Student’s t-test was utilized in 
this study to determine any discrepancies. The selection 
of statistical methods is outlined in the study methods. 
Statistical significance was determined at a maximum 
P value of 0.05 (*p < 0.05, **p < 0.01, ***p < 0.001, **** 
p < 0.0001). This study’s experimental data was repeated 
more than three times. GraphPad Prism 9 was utilized to 
analyze the differences between groups.

Results
Identification of lactate metabolism subtypes and 
branched-chain amino acid metabolic subtypes
It could be seen that the best clustering results achieved 
when 256 MM patients were clustered into two molec-
ular subtypes (k = 2) no matter based on the expression 
patterns of 27 BCAA metabolism-related genes (cluster 
1 = 159, cluster 2 = 97) or 13 LMRG (cluster 1 = 143, clus-
ter 2 = 113) (Fig.  1A and E). The expression of BCAA 
metabolism-related genes and LMRG among different 
subtypes were presented in Fig.  1B and F, correspond-
ingly. The PCA results showed the reasonableness of 
these clustering results, exhibiting a good internal consis-
tency and stability (Fig. 1C and G). In both BCCA metab-
olism-related subtypes and lactate metabolism-related 
subtypes, it was cluster 1 that had a poorer prognostic 
outcome than cluster 2 (Fig. 1D and H).

Analysis of DEGs in different subtypes
Among the BCCA metabolism-related subtypes, 1079 
DEGs were screened (718 genes up-regulated and 361 
genes down-regulated) (Fig. 2A). These genes were con-
nected to the control of peptidyl-tyrosine phosphory-
lation and the control of cell-cell adhesion in MM, 
according to the BP analysis. In the case of CCs, these 
DEGs were engaged in actin-based cell projection, mem-
brane raft, and the external side of the plasma membrane. 
Regarding MF, These DEGs were involved in specific 
important functions, for example, C-C chemokine recep-
tor activity and cytokine binding (Fig.  2B). In a fur-
ther, KEGG pathway enrichment results revealed these 
DEGs were only linked to JAK-STAT signaling pathway, 
the Cytokine-cytokine receptor interaction, as well as 
Cell adhesion molecules (Fig.  2C). Among the lactate 
metabolism-related subtypes, 699 DEGs (294 genes with 
increased expression and 405 with decreased expres-
sion) were screened (Fig.  2D). The BP analysis revealed 
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that these DEGs were linked to immune response-
related neutrophil degranulation and activation. In the 
case of CCs, these DEGs were also engaged in the activ-
ity of membrane rafts. Regarding MF, these DEGs only 
involved in translation initiation factor activity (Fig. 2E). 

In particular, these genes were connected to central car-
bon metabolism and translation initiation factor activity 
in cancer, according to the KEGG pathway enrichment 
study (Fig. 2F).

Fig. 1 The identification of distinct subtypes of BCAA and LMRG metabolism. A Based on the cumulative distribution function (CDF) plot and consensus 
clustering matrix of consensus clustering with k valued 2 to 3, the intragroup correlations were the highest and the inter-group correlations were low 
when k = 2 (BCAA metabolism). B The expression of genes associated with BCAA metabolism in different subtypes. C Principal component analysis. D 
K-M survival analysis among the BCAA-related clusters. E Based on the CDF plot and consensus clustering matrix of consensus clustering with k valued 2 
to 3, the intragroup correlations were the highest and the inter-group correlations were low when k = 2 (lactate metabolism). F The expression of genes 
associated with LMRG metabolism in different subtypes. G Principal component analysis. H K-M survival analysis among the LMRG-related groups
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Fig. 2 Differential expression analysis of BCAA and LMRG related subtypes. A Volcano plot and heatmap of DEGs among the BCAA groups. B GO and C 
KEGG terms enriched in BCAA DEGs. D Volcano plot and heatmap of DEGs among the LMRG groups. E GO and F KEGG terms enriched in LMRG DEGs.
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Great functionality of risk signature
A number of 244 intersecting genes were obtained by the 
Venn diagram (Fig. 3A), in which, only two genes (CKS2 
and LYZ) were associated with MM prognosis with 
P < 0.05 and were selected as prognostic genes by univari-
ate Cox regression analysis. (Fig.  3B). Lasso regression 
is a statistical method that avoids multicollinearity and 
overfitting in multiple regression models to obtain a more 
refined model. When lamda.min = 0.00874, the regres-
sion coefficients of these two prognostic genes were not 
0 (Fig. 3C). To further screen for genes with the greatest 
prognostic value, multifactorial Cox regression was per-
formed to investigate their effects, and CKS2 and LYZ 
were still selected as the characteristic genes to construct 
a prognostic risk model for MM patients (Fig. 3D). Risk 
score = 0.2214×CKS2–0.1970×LYZ. Based on median 
risk = 0.5591 (Fig. 3E), the MM patients were divided into 
the high and low-risk groups. The result of K-M curve 
revealed that the prognosis was better for lower risks. 
(Fig. 3F). The ROC curve showed that this risk score sig-
nature has an area under the ROC curve (AUC) of 0.655, 
0.640,and 0.701 at 1, 3, and 5 years, respectively (Fig. 3G), 
indicating that this prognostic risk model has moder-
ate performance (Fig.  3G). The prognostic risk model 
still had strong predictive power in TCGA-MM and 
GSE136337 datasets (Figure S1-2).

Assessment of the prognostic risk model
Subgrp7, AMPIND, and OS were significantly differ-
ent (Fig. 4A). The OS and iss in the TCGA dataset were 
different (Fig. 4B). The del1qcyto, del13qcyto, and iss in 
GSE136337 were significantly different (Fig.  4C). In the 
training set and TCGA-MM dataset, there were survival 
differences in Subgrp7-CD1, and differences in OS, iss1, 
gender, del17pcyto, and del16qclinicalfish in GSE136337 
(Figure S3). In the training set and GSE136337 dataset, 
risk score and AMPIND were independent predictive 
indicators (Fig.  5A and B). The nomogram were con-
structed based on independent prognostic factors to 
assess 1, 3, and 5-year OS in relation to risk score and 
AMPIND (Fig.  5C). (The slope of the calibration curve 
converges with 1, proving that the value of the nomogram 
was a good predictive tool for MM prognosis (Fig. 5D). 
Similarly, the risk score, del17pcyto, iss1, and del13qcyto 
in the validation set GSE136337 were independent prog-
nostic factors for MM (Fig. 5E F), and the nomogram in 
the validation set still had good performance (Fig. 5G H). 
This showed the importance of the risk score for MM.

Biological differences between the two risk groups
Following two risk groups were generated, the differen-
tially expressed analysis between groups were screened 
for DEGs as well, in which a total of 559 DEGs with 
|log2FC|>0.5, P.Value < 0.05 (202 DEGs upregulated and 

357 DEGs downregulated) were obtained (Fig.  6A and 
B). Leukocyte proliferation and Neutrophil degranula-
tion are the main biological processes enriched in these 
DEGs (Fig.  6C). Viral protein interaction with cytokine 
and cytokine receptor pathways might be related to MM 
(Fig. 6D). BGSEA results indicated that the DEGs in the 
high-risk group were primarily enriched in Genes encod-
ing cell cycle-related targets of E2F transcription factors, 
a subgroup of genes that are regulated by MYC (Fig. 6E). 
While KRAS activation, angiogenesis, and genes encod-
ing components of the complement system were the 
three main mechanisms by which the DEGs in the low-
risk group were enriched (Fig. 6F).

Correlation analysis of risk scores and immune 
microenvironment
Analysis of the 3 algorithms revealed the abundance of 
various immune cell infiltrates in the MM samples in 
the training set, and the results showed that only Type 
17 T helper cells in ssGSEA were not significant in the 
high- and low-risk groups, while other immune infiltrat-
ing cells, immune scores and stromal scores enhanced 
immune-related features with increasing scores (Fig. 7A 
and B). Not only that, immunomodulators were all sig-
nificantly differentially expressed in the high and low 
risk groups (Fig. 7C and D). Among them, PDCD1LG2, 
KIR2DL1 and ICOS were expressed at lower levels in the 
high-risk group.

The analysis of MM-related drug prediction
The “oncoPredict” R program was used to compute 
IC50 for each MM patient between the two groups 
using the GDSC database. This process produced 168 
medicines with significantly different IC50s in the two 
groups (Table S2). The IC50 was lower in the high-risk 
group, indicating that high-risk patients are better suited 
for drug therapy. The top 3 drugs with the highest drug 
sensitivity (Carmustine_1807, Nelarabine_1814, and 
Temozolomide_1375) and the molecular docking of the 
proteins encoding the CKS2 and LYZ were explored 
using AutoDock (Fig.  8A,B,C). The docking fractions 
between the characteristic genes and the three drugs 
was less than − 1.2 k/mol, indicating that the three drugs 
could perfectly interact with the characteristic genes to 
influence the development of MM. For example, CKS2 
interacted with Carmustine_1807, Nelarabine_1814, and 
Temozolomide_1375 through 3, 5, and 3 hydrogen bonds, 
respectively, and the docking fractions were − 5.71, -7.88 
and − 5.73 kcal/mol, respectively. We verified that Nelara-
bine, Carmustine and Temozolomide could effectively 
enhance apoptosis in MM cells, and that Temozolomide 
could significantly inhibit the invasion and migration of 
MM cells (Figure S4).
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Fig. 3 Analysis and assess the prognostic gene signature related to BCAA and LMRG associated with MM. A Venn diagram of BCAA and LMRG DEGs. B 
Forest plot of hazard ratios for 2 prognostic BCAA and LMRG related genes. C Cross-validation for tuning parameter selection in the LASSO model. D For-
est plot of univariate Cox regression of OS related BCAA and LMRG related genes. E The distributions of risk score, survival status and expression profile of 
signature genes between the risk groups. F K-M survival analysis between the high- and low-risk groups. G ROC curve at 1-, 3- and 5-years of prognostic 
value of the prognostic index
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Expression and validation of CKS2 and LYZ
We made use of the Tumor Immune Single-cell Hub 
(TISCH) database and employed Uniform Manifold 
Approximation and Projection (UMAP) to examine 

the expression levels of CKS2 and LYZ in single cells 
obtained from myeloma tissues (Fig. 9A). Data from the 
Gene Expression Omnibus (GEO) dataset was obtained 
for both MM samples and normal tissue samples, with 

Fig. 4 Assessment of the prognostic risk signature. (A) Subgrp7, AMPIND, and OS were evaluated in two risk groups. (B) The OS and iss in the TCGA data-
set were evaluated in two risk groups. (C) The del1qcyto, del13qcyto, and iss in GSE136337 were evaluated in two risk groups
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the aim of using CKS2 and LYZ in microarray analysis. 
Our results revealed that CKS2 expression was highly 
expressed in MM samples (Fig.  9B). After examin-
ing the expression of CKS2 and LYZ, we found that the 
CKS2’expression was much higher in MM than in nor-
mal bone marrow fluids, while LYZ was just the oppo-
site (Fig.  9C). To verify the carcinogenic and invasive 

capacity of CKS2, we generated stably silenced CKS2 cell 
lines using MM1.S cells and assessed their viability. CKS2 
silencing promotes cell apoptosis (Fig.  9E), and inhibits 
the proliferation, migration, and invasion of A172 cells 
(Fig.  9D, F). This result demonstrated that CKS2 could 
be used as characteristic genes for MM prognosis and 
treatment.

Fig. 5 The Risk Score is an independent prognostic indicator. A-B Forest plot of hazard ratios for clinicopathological characteristics by Cox analysis in 
GSE4581 and GSE136337 dataset. C-D Nomogram was used to show the survival probability at 1-, 3- and 5-years in GSE4581 dataset. E-F Forest plot of 
hazard ratios for by Cox analysis in GSE4581 and GSE136337 dataset. G-H Nomogram was used to show the survival probability at 1-, 3- and 5-years in 
GSE136337 dataset
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Discussion
MM is a malignant tumor that is caused by the over-
growth of plasma cells. Elevated aerobic glycolysis levels 
during tumor metabolism produce a substantial amount 

of lactate, thus facilitating tumor growth [27, 28]. The 
metabolism of BCAAs can also affect multiple cancer 
characteristics and serve as an indicator of disease pro-
gression [14, 29]. Research has demonstrated that the 

Fig. 6 Differential expression analysis of high- and low-risk groups. A-B Volcano plot and heatmap of DEGs between the two groups. C-D The top 4 GO 
BP MF and KEGG terms of up- and downregulated DEGs in the two groups. E Result of GSEA analysis in the training set in the high-risk group. F Result of 
GSEA analysis in the training set in the low-risk group
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assessment of LMRG can be a reliable indicator of the 
prognosis of hepatocellular carcinoma [9]. However, the 
precise contribution of BCAA and lactate to multiple 
myeloma has not been elucidated yet.

In this study, we conducted an analysis of the charac-
teristics of genes related to lactate and branched-chain 
amino acids in MM and constructed a risk signature 
associated with overall survival. First, MM samples were 

Fig. 7 Analysis of immune infiltration and immunomodulators expression in high- and low-risk groups. A Heatmap of immune cell subset proportions. B 
Result of the infiltrating score of immune infiltrating cells, immune scores and stromal scores in two groups. C-D The immunomodulators genes expres-
sion in the two groups. (*, p < 0.05; **, p < 0.01; ****, p < 0.0001; vs. Low-risk group)
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grouped into two distinct molecular subtypes according 
to BCAA and LMRG metabolism-related gene expres-
sion. Next, our analysis of RNA-seq data revealed 559 
DEGs related to BCAA and LMRG between two molecu-
lar subtypes. In addition, we identified two genes (CKS2 
and LYZ) as effective prognostic indicators through uni-
variate Cox and LASSO regression. Next, patients can be 
divided into high-risk and low-risk groups according to 
risk scores. The result of K-M revealed that the progno-
sis is better for lower risks. The ROC curve demonstrates 
the effectiveness of the risk signature in predicting the 
survival rates of MM patients. Moreover, the indepen-
dent prognostic value of the risk signature was verified 

through univariate and multivariate Cox analyses. Many 
metabolisms of branched-chain amino acids-related 
genes have proven to be effective prognostic biomark-
ers [30, 31]. Zheng et al. found that the metabolism of 
BCAAs is a key factor in the conversion of hematopoi-
etic stem cells into leukemia [32]. Glushka et al. have also 
demonstrated that a modification of BCAA metabolism 
caused by the MSI2-BCAT1 axis is a contributor to the 
progression of myeloid leukemia [14]. Our research went 
beyond creating a risk signature that could effectively 
predict the OS of MM patients in both the training set 
and validation set. It was pointed out that these genes 

Fig. 8 The analysis of MM-related drug prediction. A-C Top 3 drug interaction conformation and interaction of CKS2 The top 3 drug sensitivity drug and 
the molecular docking of the proteins encoding the CKS2 (Carmustine_1807 (A), Nelarabine_1814 (B) and Temozolomide_1375 (C)), respectively
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related to BCAA and LMRGs metabolism played a major 
role in the progression of MM.

Tumor Microenvironment has highlighted the impor-
tance of immune cells in the development of MM [33]. 
Cytotoxic T lymphocytes (CTLs) are the primary players 

in adaptive cellular immune responses, responsible for 
effector functions. The monoclonal immunoglobulin 
(idiotype; Id) secreted by myeloma cells is classified as a 
tumor-specific antigen. Some studies have indicated that 
Id-pulsed dendritic cells can generate Id-specific CD8+ 

Fig. 9 Validation of the expression of the 2-gene signature. A T-SNE describes the expression profiles of CKS2 and LYZ in the single cells obtained from 
myeloma tissues. Every point on the graph represents a single cell. The plot can be downloaded from the CancerSEA database. B BCKS2 and LYZ mRNA 
expression in newly diagnosed, non-treated multiple myeloma patients were measured by microarray from GSE39754. C The relative expression levels of 
the 2 genes compared with GAPDH in normal (n = 14) and MM (n = 14) samples (*, p < 0.05; **, p < 0.01). D Knockdown of CKS2 reduced the cell viability 
of MM1.S myeloma cell line. E Knockdown of CKS2 increased the cell apoptosis of MM1.S myeloma cell line. F Invasion and migration ratio of MM cell 
toward two groups through Transwell membranes (5-mm pore size) were assessed. Independent experiments were performed 3 times. n = 5 per group 
(**, p < 0.01; ****, p < 0.0001; vs. CONTROL; ns, no significance)
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CTLs, which can eradicate primary myeloma cells from 
patients [34–36]. However, our results found that the 
high-risk group had a limited infiltration of CTL, and 
DC cells, implying that the absence of immune cells can 
lead to the ineffectiveness of an anti-tumor effect. Pre-
vious research has demonstrated that mice that are not 
provided with BCAAs are unable to generate proper 
antibody and cytotoxic T cell responses [37]. Mean-
while, BCAAs supplementation can bolster the body’s 
defense system by increasing the activity of CD8+T cells 
and the production of DC IL-12 [38, 39]. We considered 
that regulating metabolic pathways and augmenting the 
adaptive immune system may be a viable approach to 
treating MM. Macrophages, a part of innate immunity, 
typically demonstrate M2-like characteristics in multiple 
myeloma, which include limited cytotoxicity, decreased 
antigen presentation, increased angiogenesis and T cell 
inhibition, thus suppressing the immune system [40]. 
Recently, Zhao et al. found that lactate directly activates 
the expression of macrophages M2 related genes through 
histone lactate modification [41]. Consistently, our results 
showed that macrophages M2 cells were significantly up 
regulated in high-risk with MM patients. We speculate 
that lactate may contribute to the progression of MM by 
influencing the immune system’s ability to evade detec-
tion. In conclusion, an aberrant expression of genes asso-
ciated with BCAA and LMRG-related metabolism may 
enable immune evasion [42],thus targeting two metabolic 
pathways to modulate the immune microenvironment is 
a potential strategy for treating multiple myeloma.

Our research also revealed that multiple immuno-
modulators had significantly decreased expression in the 
high-risk group. Granzyme A (GZMA), a protein pro-
duced by cytotoxic lymphocytes, can activate Gasder-
min B protein in a highly precise and efficient manner, 
thus augmenting the body’s antitumor immune response 
[43].CTLs are responsible for the production of PRF1, 
which is able to form holes in the membrane of the tar-
get cell and set off a series of processes that result in its 
destruction [44].ARG1 can effectively reduce arginine in 
serum by transforming it into citrulline and ornithine, 
which leads to a decrease in tumor cell growth in mela-
noma patients who did not respond to anti-PD-1 and 
CTLA-4 therapies, thereby exhibiting antitumor activ-
ity [45]. In addition, TNFRSF9, also known as 4-1BB and 
CD137, belongs to the tumor necrosis factor receptor 
superfamily and has been shown to promote the prolif-
eration of CD8+T, CD4+T and NK cells, and to infiltrate 
these cells into tumors [46, 47]. Based on the above, 
high-risk patients may reduce the anti-tumor effect due 
to a decreased expression of immunomodulators. Thus, 
exploiting immunomodulators as a therapeutic target 
could be a viable option for managing high risk MM.

Stratification survival analysis revealed that the risk sig-
nature possessed an accurate predictive value for prog-
nosis in MM subtypes sorted by risk score, gender, IDH, 
chromosome abnormal, and ISS1 stage. Meanwhile, the 
clinic correlation analysis confirmed that the risk score 
was highly associated with clinical staging and high-risk 
markers. Chromosome 1q amplification is a common 
genetic alteration that is seen in multiple myeloma, and 
is believed to be indicative of a high-risk [48]. The prog-
nosis model created by risk score indicates that the pro-
portion of a 1q chromosome deletion is higher in the 
high-risk group. Evidence suggests that the deletion of 
chromosome 13q14 is associated with the emergence 
and progression of multiple myeloma [49]. Consistently, 
our study verified that patients with a 13q chromosome 
deletion are more likely to be classified as high-risk. 
The International Staging System (ISS) is a commonly 
employed MM staging system in clinical practice, provid-
ing a more precise evaluation of the prognosis of patients. 
Our analysis has demonstrated that the -high-risk group 
has a higher proportion of ISS III patients and a lower 
proportion of ISS I patients than the low-risk group. In 
addition, the ROC curves for the 2-BCAA and LMRG 
related gene signature in both the training and testing 
cohorts had AUC values that were significantly higher 
than 0.65 for 1 and 5-year periods. These results demon-
strated that the risk model created by BCAA and LMRG 
is a reliable indicator of the prognosis of MM.

We identified that LMRG and BCAA-related prognos-
tic DEGs, in MM patients, statistically correlated with 
the overall survival by K-M survival analysis. GSEA anal-
ysis revealed that the DEGs in the high-risk group were 
mainly associated with genes encoding cell cycle-related 
targets of E2F transcription factors, a subgroup of genes 
that are regulated by MYC. MYC mutations are hypoth-
esized to be the source of undetermined significance to 
MM transition, as well as a late genomic event that is 
responsible for tumor progression [50]. To date, studies 
have revealed that MYC can augment the expression of 
genes that facilitate the uptake of nutrients such as glu-
cose and glutamine, in order to generate ATP and absorb 
the fundamental components of the cell, thereby induc-
ing the replication of DNA and cell division [51].TP53 
deletion in Burkitt lymphoma leads to an overexpression 
of MYC, subsequently leading to an overabundance of 
nutrients consumption [52].Research has demonstrated 
that bromodomain proteins inhibition, inhibition of 
MYC translation and ribosomal biogenesis and targeting 
the immune microenvironment are beneficial in treat-
ing myeloma due to their effect on MYC [53, 54]. Several 
drugs targeting MYC have been identified for Multiple 
Myeloma and have been evaluated in clinical trials [55, 
56]. Importantly, the high-risk group exhibited a signifi-
cantly higher CKS2 level than the low-risk group. CKS2, 
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a cyclin-dependent kinase subunit, has been identi-
fied as playing an important role in both cell cycle and 
cell proliferation [57]. JH Xu et al. indicated that CKS2 
might function as a tumor promoter and could serve as 
a promising prognostic biomarker for epithelial ovarian 
cancer [58]. Although, previous research has demon-
strated that there is no association between CKS2 expres-
sion and osteolytic bone disease in MM. However, we 
found that knockdown of the CKS2 inhibited MM cell 
viability, migration, and invasion potential and promoted 
cell apoptosis. It can be regarded as a potential target for 
anti-MM therapy or as a molecular marker of the meta-
bolic abnormal state in our research.

Numerous patients who have been exposed to pro-
teasome inhibitors, immunomodulatory drugs, and 
monoclonal antibodies targeting CD38 have become 
unresponsive to at least one of these treatments [59]. 
Thus, novel drugs with dissimilar methods of action are 
required. Through AutoDock’s molecular docking pro-
cess, it was determined that CKS2 and LYZ possess the 
highest sensitivity to Temozolomide_1375. MM is char-
acterized by frequent chromosomal instability and dys-
functional DNA repair [60]. To enhance the potency of 
genotoxic therapy, suppressing DNA repair is an effec-
tive choice [61]. Temozolomide(TMZ) induces single-
stranded breaks, halts cell division, and triggers apoptosis 
[62]. It is utilized to treat glioma and leukemia [63, 64]. 
Hong-Yuan Shen et al. demonstrated that TMZ pro-
moted DNA damage, cell cycle arrest, and apoptotic 
death in human MM cells and xenograft mice model 
[65]. Recent research has shown that melflufen, a novel 
alkylator, is highly effective in treating MM [66]. They 
have demonstrated that melflufen and other treatments 
such as selinexor, venetoclax, belantamab, mafodotin, 
and, adoptive immunotherapy can significantly improve 
the life expectancy of individuals suffering from MM 
[67]. However, the optimal order and the most effective 
way of treatment remain undetermined. Therefore, prior 
to administering treatment to individuals with MM, it is 
essential to consider the patient’s profile, which includes 
their metabolic and other related indicators. Based on 
the our results, we suggested that Temozolomide may 
be a viable option for addressing the abnormal levels 
of branched chain amino acid and lactate in myeloma 
patients.

Conclusions
In the study, our research has identified genes related 
to branched-chain amino acids and lactate metabolism 
as potential prognostic biomarkers and has developed 
a novel risk signature that is independently associated 
with the overall survival of multiple myeloma patients. 
We conducted an analysis of two genes that are related 
to branched-chain amino acids and lactate metabolism 

as a predictive marker and established its effective-
ness in risk stratification. Nevertheless, our research is 
unavoidably subject to certain limitations. First, the risk 
signature was identified and validated through analysis 
of GEO and TCGA datasets. The efficacy of the BCAA 
and LMRG metabolism-related signature as a prognostic 
indicator for MM patients has yet to be established due 
to the lack of our own relevant data. In order to ensure 
accuracy, external validation should be conducted using 
our own clinic data in the future. Moreover, to estimate 
the proportion of immune cells, bioinformatics analy-
sis was utilized instead of direct measurements from 
peripheral blood and animal models, which may not be 
entirely accurate. Future research will involve clinical and 
laboratory experiments to confirm the precise role of the 
risk signature in the success of immunotherapy for MM 
patients.

Abbreviations
MM  multiple myeloma
LMRGs  lactate metabolism-related genes
LDH  lactate dehydrogenase
BCAAs  branched chain amino acids
PCA  principal component analysis
OS  overall survival
GO  Gene Ontology
KEGG  Kyoto Encyclopedia of Genes and Genomes
TISCH  Tumor Immune Single-cell Hub
UMAP  Uniform Manifold Approximation and Projection
GEO  Gene Expression Omnibus
MSigDB  Molecular Signatures Database
MCPcounter  Microenvironment Cell Populations-counter
OD  Optical Density
CTL  cytotoxic T lymphocyte
GZMA  granzyme A
ISS  International Staging System
TMZ  Temozolomide

Supplementary Information
The online version contains supplementary material available at https://doi.
org/10.1186/s12935-023-03007-4.

Additional file 1: Table S1 Primer sequences

Additional file 2: Table S2 Differential IC50s observed for 168 drugs in 
two groups

Additional file 3: Table S3 siRNA sequences

Additional file 4: Figure S1 Assessment of the prognostic risk signature 
in TCGA. A The distributions of risk score, survival status and expression 
profile of signature genes between the risk groups. B K-M survival analysis 
between the high- and low-risk groups. (C) ROC curve at 1-, 3- and 5-years 
of prognostic value of the prognostic index

Additional file 5: Figure S2 Assessment of the prognostic risk signature 
in GSE136337. A The distributions of risk score, survival status and expres-
sion profile of signature genes between the risk groups. B K-M survival 
analysis between the high- and low-risk groups. C ROC curve at 1-, 3- and 
5-years of prognostic value of the prognostic index

Additional file 6: Figure S3 Assessment of the prognostic risk signature. 
A K-M survival analysis in Subgrp7-CD1 between the high- and low-risk 
groups in training set and TCGA. B-F K-M survival analysis in OS, iss1, 
gender, del17pcyto, and del16qclinicalfish between the two risk groups in 
GSE136337

https://doi.org/10.1186/s12935-023-03007-4
https://doi.org/10.1186/s12935-023-03007-4


Page 17 of 18Yu et al. Cancer Cell International          (2023) 23:169 

Additional file 7: Figure S4 Effects of Nelarabine, Carmustine and 
Temozolomide on apoptotic death, invasion and migration in MM cells. A 
MM1.S cells were administered Nelarabine (5 μm), Carmustine (300 μm) 
and Temozolomide (50 μm) for 24 h, and apoptosis was examined stained 
with annexin V/FITC and 7AAD (4 A Biotech). B Invasion and migration 
ratio of MM cell toward four groups through Transwell membranes (5-mm 
pore size) were assessed. Independent experiments were performed 3 
times. n = 5 per group (**, p < 0.01; ****, p < 0.0001; vs. CONTROL; ns, no 
significance)

Acknowledgements
We thank the participated patients.

Authors’ contributions
Z.Y. and B.Q. conceive and design research, obtain original research data, 
analyze and interpret results. H.Z. and L.L. recruited patients. Z.Y. analyzed 
the data and wrote the manuscript. Z.Y. and T.N. revised the manuscript and 
interpreted the results. All authors discussed and provided critical comments 
and approved the final version for publication.

Funding
This work was funded by support from the Post-Doctor Research Project, West 
China Hospital, Sichuan University (No. 2021HXBH085), Incubation Program 
for Clinical Trials (No.4619HXFH030), Achievement Transformation Project (No. 
CGZH21001), 1.3.5 Project for Disciplines of Excellence, West China Hospital, 
Sichuan University (No. ZYJC21007), and Translational Research Grant of 
NCRCH (No. 2021WWB03).

Data availability
The public data used in this study can be found from the Gene-Expression 
Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) database. All other 
data supporting the findings of this study are available within the paper. 
The raw data that support the findings of this study are available from the 
corresponding author upon reasonable request.

Declarations

Competing interests
The authors declare no competing interests.

Ethics approval and consent to participate
The studies involving human participants were reviewed and approved by 
the ethics committee of West China Hospital, Sichuan University (reference 
numbers: 2018–061). In accordance with the national legislation and the 
institutional requirements, written informed consent for participation in this 
study was not necessary.

Consent for publication
All authors read and approved the publication of the final manuscript.

Author details
1Department of Hematology, West China Hospital, Sichuan University, 
Chengdu 610041, Sichuan, China
2Department of Biochemistry and Biophysics, School of Basic Medical 
Sciences, Peking University Health Science Center, Beijing, China

Received: 8 April 2023 / Accepted: 26 July 2023

References
1. Siegel RL, Miller KD, Jemal A. Cancer statistics, 2019. CA Cancer J Clin. 

2019;69(1):7–34.
2. Hideshima T, Mitsiades C, Tonon G, Richardson PG, Anderson KC. Understand-

ing multiple myeloma pathogenesis in the bone marrow to identify new 
therapeutic targets. Nat Rev Cancer. 2007;7(8):585–98.

3. Tan D, Chng WJ, Chou T, Nawarawong W, Hwang SY, Chim CS, Chen W, Durie 
BG, Lee JH. Management of multiple myeloma in Asia: resource-stratified 
guidelines. Lancet Oncol. 2013;14(12):e571–581.

4. Rajkumar SV, Kumar S. Multiple myeloma current treatment algorithms. Blood 
Cancer J. 2020;10(9):94.

5. Moreno-Yruela C, Zhang D, Wei W, Bæk M, Liu W, Gao J, Danková D, Nielsen 
AL, Bolding JE, Yang L, et al. Class I histone deacetylases (HDAC1-3) are 
histone lysine delactylases. Sci Adv. 2022;8(3):eabi6696.

6. Baumann F, Leukel P, Doerfelt A, Beier CP, Dettmer K, Oefner PJ, Kastenberger 
M, Kreutz M, Nickl-Jockschat T, Bogdahn U, et al. Lactate promotes glioma 
migration by TGF-beta2-dependent regulation of matrix metalloproteinase-2. 
Neuro Oncol. 2009;11(4):368–80.

7. Jiang J, Huang D, Jiang Y, Hou J, Tian M, Li J, Sun L, Zhang Y, Zhang T, Li Z, et al. 
Lactate modulates Cellular Metabolism through histone lactylation-mediated 
gene expression in Non-Small Cell Lung Cancer. Front Oncol. 2021;11:647559.

8. Certo M, Tsai CH, Pucino V, Ho PC, Mauro C. Lactate modulation of immune 
responses in inflammatory versus tumour microenvironments. Nat Rev 
Immunol. 2021;21(3):151–61.

9. Li Y, Mo H, Wu S, Liu X, Tu K. A Novel Lactate metabolism-related gene 
signature for Predicting Clinical Outcome and Tumor Microenvironment in 
Hepatocellular Carcinoma. Front Cell Dev Biol. 2021;9:801959.

10. Terpos E, Katodritou E, Roussou M, Pouli A, Michalis E, Delimpasi S, Parchari-
dou A, Kartasis Z, Zomas A, Symeonidis A, et al. High serum lactate dehydro-
genase adds prognostic value to the international myeloma staging system 
even in the era of novel agents. Eur J Haematol. 2010;85(2):114–9.

11. Ananieva E. Targeting amino acid metabolism in cancer growth and anti-
tumor immune response. World J Biol Chem. 2015;6(4):281–9.

12. Zhang L, Han J. Branched-chain amino acid transaminase 1 (BCAT1) pro-
motes the growth of breast cancer cells through improving mTOR-mediated 
mitochondrial biogenesis and function. Biochem Biophys Res Commun. 
2017;486(2):224–31.

13. Young GP, Pedersen SK, Mansfield S, Murray DH, Baker RT, Rabbitt P, Byrne S, 
Bambacas L, Hollington P, Symonds EL. A cross-sectional study comparing a 
blood test for methylated BCAT1 and IKZF1 tumor-derived DNA with CEA for 
detection of recurrent colorectal cancer. Cancer Med. 2016;5(10):2763–72.

14. Hattori A, Tsunoda M, Konuma T, Kobayashi M, Nagy T, Glushka J, 
Tayyari F, McSkimming D, Kannan N, Tojo A, et al. Cancer progression 
by reprogrammed BCAA metabolism in myeloid leukaemia. Nature. 
2017;545(7655):500–4.

15. Wang ZQ, Faddaoui A, Bachvarova M, Plante M, Gregoire J, Renaud MC, 
Sebastianelli A, Guillemette C, Gobeil S, Macdonald E, et al. BCAT1 expression 
associates with ovarian cancer progression: possible implications in altered 
disease metabolism. Oncotarget. 2015;6(31):31522–43.

16. Yu G, Wang LG, Han Y, He QY. clusterProfiler: an R package for comparing 
biological themes among gene clusters. Omics. 2012;16(5):284–7.

17. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, Smyth GK. Limma powers 
differential expression analyses for RNA-sequencing and microarray studies. 
Nucleic Acids Res. 2015;43(7):e47.

18. Ginestet C. ggplot2: elegant graphics for data analysis. J Royal Stat Society: 
Ser (Statistics Soci ety), 174(1):245–6.

19. Kolde R. pheatmap: Pretty Heatmaps. 2015.
20. Friedman J, Hastie T, Tibshirani R. Regularization Paths for generalized Linear 

Models via Coordinate Descent. J Stat Softw. 2010;33(1):1–22.
21. Hebert PD, Cywinska A, Ball SL, deWaard JR. Biological identifications through 

DNA barcodes. Proc Biol Sci. 2003;270(1512):313–21.
22. Xiao B, Liu L, Li A, Xiang C, Wang P, Li H, Xiao T. Identification and Verification 

of Immune-Related gene prognostic signature based on ssGSEA for Osteo-
sarcoma. Front Oncol. 2020;10:607622.

23. Maeser D, Gruener RF, Huang RS. oncoPredict: an R package for predicting in 
vivo or cancer patient drug response and biomarkers from cell line screening 
data. Brief Bioinform 2021, 22(6).

24. Morris GM, Huey R, Lindstrom W, Sanner MF, Belew RK, Goodsell DS, Olson AJ. 
AutoDock4 and AutoDockTools4: automated docking with selective receptor 
flexibility. J Comput Chem. 2009;30(16):2785–91.

25. Trott O, Olson AJ. AutoDock Vina: improving the speed and accuracy of dock-
ing with a new scoring function, efficient optimization, and multithreading. J 
Comput Chem. 2010;31(2):455–61.

26. Bramucci E, Paiardini A, Bossa F, Pascarella S. PyMod: sequence similarity 
searches, multiple sequence-structure alignments, and homology modeling 
within PyMOL. BMC Bioinformatics. 2012;13(Suppl 4):2.

27. DeBerardinis RJ, Mancuso A, Daikhin E, Nissim I, Yudkoff M, Wehrli S, 
Thompson CB. Beyond aerobic glycolysis: transformed cells can engage in 

https://www.ncbi.nlm.nih.gov/geo/


Page 18 of 18Yu et al. Cancer Cell International          (2023) 23:169 

glutamine metabolism that exceeds the requirement for protein and nucleo-
tide synthesis. Proc Natl Acad Sci U S A. 2007;104(49):19345–50.

28. de la Cruz-López KG, Castro-Muñoz LJ, Reyes-Hernández DO, García-Carrancá 
A, Manzo-Merino J. Lactate in the regulation of Tumor Microenvironment and 
therapeutic approaches. Front Oncol. 2019;9:1143.

29. Holmstrom SR, Olive KP. Protein breakdown precedes pancreatic tumor 
development. Nat Med, 20(10):1097–9.

30. Goffredo M, Santoro N, Tricò D, Giannini C, D’Adamo E, Zhao H, Peng G, Yu X, 
Lam TT, Pierpont B et al. A branched-chain amino acid-related metabolic sig-
nature characterizes obese adolescents with non-alcoholic fatty liver disease. 
Nutrients 2017, 9(7).

31. Zhao X, Han Q, Liu Y, Sun C, Gang X, Wang G. The Relationship between 
Branched-Chain Amino Acid Related Metabolomic Signature and Insulin 
Resistance: A Systematic Review. J Diabetes Res 2016, 2016:2794591.

32. Liu X, Zhang F, Zhang Y, Li X, Chen C, Zhou M, Yu Z, Liu Y, Zhao Y, Hao X et al. 
PPM1K regulates hematopoiesis and leukemogenesis through CDC20-Medi-
ate d ubiquitination of MEIS1 and p21. Cell Rep, 23(5):1461–75.

33. Perez C, Botta C, Zabaleta A, Puig N, Cedena MT, Goicoechea I, Alameda D, 
San José-Eneriz E, Merino J, Rodríguez-Otero P, et al. Immunogenomic iden-
tification and characterization of granulocytic myeloid-derived suppressor 
cells in multiple myeloma. Blood. 2020;136(2):199–209.

34. Hong S, Qian J, Yang J, Li H, Kwak LW, Yi Q. Roles of idiotype-specific t cells in 
myeloma cell growth and survival: Th1 and CTL cells are tumoricidal while 
Th2 cells promote tumor growth. Cancer Res. 2008;68(20):8456–64.

35. Ma N, Liu H, Zhang Y, Liu W, Liang Z, Wang Q, Sun Y, Wang L, Li Y, Ren H, et 
al. Identification of CD8(+) T-cell epitope from multiple myeloma-specific 
antigen AKAP4. Front Immunol. 2022;13:927804.

36. Xing L, Wang S, Liu J, Yu T, Chen H, Wen K, Li Y, Lin L, Hsieh PA, Cho S-F et 
al. BCMA-Specific ADC MEDI2228 and Daratumumab induce synergistic 
myeloma cytotoxicity via IFN-Driven Immune responses and enhanced 
CD38 Express ion. Clin cancer research: official J Am Associa tion Cancer Res, 
27(19):5376–88.

37. Petro TM, Bhattacharjee JK. Effect of dietary essential amino acid limita-
tions upon the susceptibility to Salmonella typhimurium and the effect 
upon humoral and cellular immune responses in mice. Infect Immun. 
1981;32(1):251–9.

38. Cerra FB, Mazuski JE, Chute E, Nuwer N, Teasley K, Lysne J, Shronts EP, Kon-
stantinides FN. Branched chain metabolic support. A prospective, random-
ized, double-bl ind trial in surgical stress. Ann Surg, 199(3):286–91.

39. Kakazu E, Kanno N, Ueno Y, Shimosegawa T. Extracellular branched-
chain amino acids, especially Valine, regulate maturation and function of 
monocyte-derived dendritic cells. J Immunol, 179(10):7137–46.

40. Swamydas M, Murphy EV, Ignatz-Hoover JJ, Malek E, Driscoll JJ. Deciphering 
mechanisms of immune escape to inform immunotherapeutic st rategies in 
multiple myeloma. J Hematol Oncol, 15(1):17.

41. Zhang D, Tang Z, Huang H, Zhou G, Cui C, Weng Y, Liu W, Kim S, Lee S, Perez-
Neut M et al. Metabolic regulation of gene expression by histone lactylation. 
Nature, 574(7779):575–80.

42. Kelly B, Pearce EL. Amino assets: how amino acids support immunity. Cell 
Metab. 2020;32(2):154–75.

43. Zhou Z, He H, Wang K, Shi X, Wang Y, Su Y, Wang Y, Li D, Liu W, Zhang Y et al. 
Granzyme A from cytotoxic lymphocytes cleaves GSDMB to trigger pyropto-
sis in target cells. Science 2020, 368(6494).

44. Bálint Å, Müller S, Fischer R, Kessler BM, Harkiolaki M, Valitutti S, Dustin ML. 
Supramolecular attack particles are autonomous killing entities releas ed 
from cytotoxic T cells. Science, 368(6493):897–901.

45. De Santo C, Cheng P, Beggs A, Egan S, Bessudo A, Mussai F. Metabolic therapy 
with PEG-arginase induces a sustained complete remission in immunother-
apy-resistant melanoma. J Hematol Oncol. 2018;11(1):68.

46. Eckstrum K, Bany BM. Tumor necrosis factor receptor subfamily 9 (Tnfrsf9) 
gene is expressed in distinct cell populations in mouse uterus and conceptus 
during implantation period of pregnancy. Cell Tissue Res. 2011;344(3):567–76.

47. Shao Z, Sun F, Koh DR, Schwarz H. Characterisation of soluble murine CD137 
and its association with systemic lupus. Mol Immunol. 2008;45(15):3990–9.

48. Boyd KD, Ross FM, Chiecchio L, Dagrada GP, Konn ZJ, Tapper WJ, Walker 
BA, Wardell CP, Gregory WM, Szubert AJ, et al. A novel prognostic model in 
myeloma based on co-segregating adverse FISH lesions and the ISS: analysis 
of patients treated in the MRC myeloma IX trial. Leukemia. 2012;26(2):349–55.

49. Fonseca R, Oken MM, Harrington D, Bailey RJ, Van Wier SA, Henderson KJ, Kay 
NE, Van Ness B, Greipp PR, Dewald GW. Deletions of chromosome 13 in mul-
tiple myeloma identified by interphas e FISH usually denote large deletions 
of the q arm or monosomy. Leukemia, 15(6):981–6.

50. Kuehl WM, Bergsagel PL. MYC addiction: a potential therapeutic target in MM. 
Blood, 120(12):2351–2.

51. Stine ZE, Walton ZE, Altman BJ, Hsieh AL, Dang CV. MYC, metabolism, and 
Cancer. Cancer Discov, 5(10):1024–39.

52. Schmitz R, Young RM, Ceribelli M, Jhavar S, Xiao W, Zhang M, Wright G, Shaffer 
AL, Hodson DJ, Buras E et al. Burkitt lymphoma pathogenesis and therapeutic 
targets from structural and functional genomics. Nature, 490(7418):116–20.

53. Herbst RS, Soria J-C, Kowanetz M, Fine GD, Hamid O, Gordon MS, Sosman 
JA, McDermott DF, Powderly JD, Gettinger SN et al. Predictive correlates of 
response to the anti-PD-L1 antibody MPDL3280A in cancer patients. Nature, 
515(7528):563–7.

54. Lovén J, Hoke HA, Lin CY, Lau A, Orlando DA, Vakoc CR, Bradner JE, Lee TI, 
Young RA. Selective inhibition of tumor oncogenes by disruption of super-
enhance rs. Cell, 153(2):320–34.

55. Amorim S, Stathis A, Gleeson M, Iyengar S, Magarotto V, Leleu X, 
Morschhauser F, Karlin L, Broussais F, Rezai K et al. Bromodomain inhibitor 
OTX015 in patients with lymphoma or multiple mye loma: a dose-escalation, 
open-label, pharmacokinetic, phase 1 study. Lancet Haematol, 3(4):e196–204.

56. Siu KT, Ramachandran J, Yee AJ, Eda H, Santo L, Panaroni C, Mertz JA, Sims Iii 
RJ, Cooper MR, Raje N. Preclinical activity of CPI-0610, a novel small-molecule 
bromodomain a nd extra-terminal protein inhibitor in the therapy of multiple 
myeloma. Leukemia, 31(8):1760–9.

57. You H, Lin H, Zhang Z. CKS2 in human cancers: clinical roles and current 
perspectives (review). Mol Clin Oncol, 3(3):459–63.

58. Xu JH, Wang Y, Xu D. CKS2 promotes tumor progression and metastasis and is 
an independent predictor of poor prognosis in epithelial ovarian cancer. Eur 
Rev Med Pharmacol Sci. 2019;23(8):3225–34.

59. Gandhi UH, Cornell RF, Lakshman A, Gahvari ZJ, McGehee E, Jagosky MH, 
Gupta R, Varnado W, Fiala MA, Chhabra S, et al. Outcomes of patients with 
multiple myeloma refractory to CD38-targeted monoclonal antibody 
therapy. Leukemia. 2019;33(9):2266–75.

60. Shammas MA, Shmookler Reis RJ, Koley H, Batchu RB, Li C, Munshi NC. 
Dysfunctional homologous recombination mediates genomic instability an d 
progression in myeloma. Blood, 113(10):2290–7.

61. Ronson GE, Piberger AL, Higgs MR, Olsen AL, Stewart GS, McHugh PJ, 
Petermann E, Lakin ND. PARP1 and PARP2 stabilise replication forks at base 
excision repair in termediates through Fbh1-dependent Rad51 regulation. 
Nat Commun, 9(1).

62. Cao X, Lu Y, Liu Y, Zhou Y, Song H, Zhang W, Davis D, Cui J, Hao S, Jung J et al. 
Combination of PARP inhibitor and temozolomide to suppress chordoma pr 
ogression. J Mol Med (Berl), 97(8):1183–93.

63. Tang J-H, Yang L, Chen J-X, Li Q-R, Zhu L-R, Xu Q-F, Huang G-H, Zhang Z-X, 
Xiang Y, Du L et al. Bortezomib inhibits growth and sensitizes glioma to 
temozolomide (TMZ) via down-regulating the FOXM1-Survivin axis. Cancer 
Commun (Lond), 39(1):81.

64. Zhai Y, Shang J, Yao W, Wu D, Fu C, Yan L. Successful eradication of central ner-
vous system infiltration of prima ry plasma cell leukemia by temozolomide. 
Ann Hematol, 101(11):2555–7.

65. Shen HY, Tang HL, Zheng YH, Feng J, Dong BX, Chen XQ. The PARP1 inhibitor 
Niraparib represses DNA damage repair and synergizes with Temozolomide 
for Antimyeloma Effects. J Oncol. 2022;2022:2800488.

66. Richardson PG, Bringhen S, Voorhees P, Plesner T, Mellqvist UH, Reeves B, 
Paba-Prada C, Zubair H, Byrne C, Chauhan D, et al. Melflufen plus dexa-
methasone in relapsed and refractory multiple myeloma (O-12-M1): a 
multicentre, international, open-label, phase 1–2 study. Lancet Haematol. 
2020;7(5):e395–e407.

67. Mateos M-V, González-Calle V. Is there a role for new drugs with alkylating 
properties in multiple m yeloma? Lancet Haematol, 7(5):e357–9.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations. 


	Characterization and application of a lactate and branched chain amino acid metabolism related gene signature in a prognosis risk model for multiple myeloma
	Abstract
	Background
	Materials and methods
	Collection of the date of the MM
	Consensus clustering
	Acquirement of differentially expressed genes (DEGs) in different subtypes
	Construction and validation of the prognostic risk model of MM
	The relationship between the clinical characteristics and the risk scores
	Analysis of independent prognostic
	Biological differences between two groups
	Tumor microenvironment analysis
	Drug prediction analysis
	Extraction of total RNA from spinal fluid samples and qRT-PCR
	Gene silencing
	Cell proliferation analysis
	Transwell Assay
	Apoptosis analysis
	Statistical analysis

	Results
	Identification of lactate metabolism subtypes and branched-chain amino acid metabolic subtypes
	Analysis of DEGs in different subtypes
	Great functionality of risk signature
	Assessment of the prognostic risk model
	Biological differences between the two risk groups


	Correlation analysis of risk scores and immune microenvironment
	The analysis of MM-related drug prediction
	Expression and validation of CKS2 and LYZ
	Discussion
	Conclusions
	References


