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Abstract
Background: Multiple myeloma (MM) exhibits considerable clinical heterogeneity;

however, current prognostic models inadequately capture the immunometabolic

dysregulation  central  to  its  pathogenesis.  This  study  aims  to  characterize  the

immunometabolic  landscape  of  MM  through  integrative  transcriptomic  and

clinical cohort analysis and to identify robust prognostic signatures.

Methods: Transcriptomic data from the GSE24080 dataset (325 MM patients, 234

healthy controls) were analyzed to identify differentially expressed genes (DEGs),

perform Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment

analysis,  estimate  immune  cell  infiltration  using  Cell-type  Identification  By

Estimating  Relative  Subsets  Of  RNA  Transcripts  (CIBERSORT),  and  develop  a

molecular  classifier via least  absolute  shrinkage  and  selection  operator  (LASSO)

regression.  A  clinical  cohort  of  101  newly  diagnosed  MM  patients  was

retrospectively  enrolled  to  validate  the  clinical  relevance  of  immunometabolic

biomarkers. Baseline characteristics were compared across International Staging

System  (ISS)  stages,  Spearman  correlation  analysis  was  performed  to  explore

inter-relationships  among  biomarkers,  and  Cox  regression  models  were

constructed  to  identify  independent  prognostic  factors.  Kaplan-Meier  survival

curves were generated for ISS stages and β2-microglobulin (β2-MG) risk categories.

Results: Transcriptomic  analysis  identified  342  upregulated  and  112

downregulated  DEGs  in  MM,  with  significant  enrichment  in  the  p53  and  FOXO

signaling  pathways.  Immune  deconvolution  revealed  decreased  naive  B  cells,
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memory B cells, and CD8+ T cells, alongside increased plasma cells, regulatory T

cells (Tregs), monocytes, and macrophages in MM samples. Consensus clustering

defined three distinct immunometabolic subtypes, and a 12-gene LASSO classifier

demonstrated  excellent  diagnostic  performance  (area  under  the  curve  [AUC]  =

0.979).  In  the  clinical  cohort  (median  age  63.2  years;  60%  male),  advanced  ISS

stage was associated with elevated β2-MG levels (p < 0.001), reduced hemoglobin

(HGB)  concentration  (p <  0.001),  and  an  increased  bone  marrow  plasma  cell

percentage  (BMPC)  (p =  0.006).  Spearman  analysis  revealed  strong  negative

correlations between β2-MG and HGB (ρ = −0.70, p < 0.001) as well  as between

BMPC and HGB (ρ = −0.48, p < 0.001). Multivariate Cox regression identified age

(hazard ratio [HR] = 1.041, 95% confidence interval [CI]: 1.004–1.079, p = 0.029),

β2-MG (HR = 1.065, 95% CI: 1.022–1.110, p = 0.0027), and HGB (HR = 0.978, 95%

CI:  0.962–0.994, p =  0.0089)  as  independent  prognostic  factors.  Kaplan-Meier

analysis demonstrated significant survival stratification by both ISS stages and β2-

MG risk categories (log-rank p < 0.001 for both).

Conclusions: These  findings  suggest  that  β2-MG  and  HGB,  as  surrogates  of

immunometabolic  disturbance-driven  tumor  burden  and  hematopoietic

suppression,  offer  potential  avenues  for  improved  risk  stratification  and  the

development of personalized therapeutic strategies in MM.

Keywords
multiple  myeloma; immunometabolism; prognostic  biomarkers; transcriptomics; β2-
microglobulin; LASSO regression

Highlights
•  This  study  characterizes  the  immunometabolic  landscape  of  multiple  myeloma  (MM),

revealing  p53/FOXO  pathway  enrichment,  decreased  naive  B  cells,  and  increased
regulatory T cells (Tregs).

•  A  12-gene  LASSO  classifier  (area  under  the  curve  [AUC]  =  0.979)  defines  three  distinct
immunometabolic subtypes in MM.

•  β2-microglobulin (β2-MG) and hemoglobin (HGB) are independent prognostic factors for MM
risk stratification.

 

1.  INTRODUCTION

Multiple myeloma (MM) is the second most prevalent hematologic

malignancy  worldwide,  accounting  for  approximately  10%  of  all

hematologic cancers and characterized by the clonal proliferation

of  malignant  plasma cells  in  the bone marrow [1−3].  The disease

typically  presents  with  a  constellation  of  clinical  manifestations

collectively  known  as  CRAB  features:  hypercalcemia,  renal

insufficiency, anemia, and osteolytic bone lesions [4, 5]. Over the

past  two  decades,  the  therapeutic  landscape  for  MM  has  been

revolutionized  by  the  introduction  of  novel  agents,  including

proteasome inhibitors (PIs), immunomodulatory drugs (IMiDs), and

monoclonal  antibodies,  which  have  substantially  improved

response  rates  and  prolonged  patient  survival  [6].  Despite  these

advancements,  MM  remains  an  incurable  disease,  with  patient

outcomes  exhibiting  remarkable  heterogeneity—overall  survival

(OS) can range from several months to more than 20 years [7]. This

clinical  diversity  underscores  the  critical  need  for  accurate

prognostic  stratification  to  guide  treatment  decisions  and  to

identify high-risk patients who may benefit from more intensive or

alternative therapeutic approaches [8, 9].

The  International  Staging  System  (ISS),  introduced  in  2005,

represents  a  significant  advancement  in  MM  prognostication  by

stratifying  patients  based  on  two  readily  available  serum

biomarkers:  albumin  and  β2-microglobulin  (β2-MG)  [10].

Subsequently,  the  Revised  International  Staging  System  (R-ISS)

incorporated  high-risk  cytogenetic  abnormalities  [del(17p),

t(4;14),  t(14;16)]  and  elevated  lactate  dehydrogenase  levels  to

enhance  prognostic  accuracy  [11].  While  these  staging  systems

have  become  the  standard  tools  for  risk  stratification  in  clinical

practice, they possess inherent limitations. The ISS fails to account

for cytogenetic heterogeneity, and its prognostic performance has
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diminished in the era of novel agents [12−14]. The R-ISS, although

more comprehensive, assigns approximately 60% of patients to an

intermediate-risk  group  (stage  II)  that  exhibits  substantial

heterogeneity  in  clinical  outcomes  [15, 16].  More  comprehensive

systems,  such  as  the  Mayo  mSMART  3.0,  incorporate  a  broader

spectrum  of  chromosomal  abnormalities;  however,  their  clinical

adoption  is  limited  by  logistical  constraints  including  high  costs,

restricted  availability,  and  lack  of  standardization  across  centers

[17].  Therefore,  there  remains  an  urgent  need  for  more  precise,

accessible, and clinically applicable prognostic tools for MM.

Emerging  evidence  has  highlighted  the  pivotal  role  of  immune

dysregulation  and  metabolic  alterations  in  MM  pathogenesis  and

progression  [18].  The  bone  marrow  microenvironment  in  MM  is

characterized by intricate interactions between malignant plasma

cells  and  various  immune  cell  populations,  including  T  cells,

natural killer (NK) cells, macrophages, and dendritic cells [19, 20].

These  interactions  contribute  to  immune  evasion,  tumor

proliferation,  and  drug  resistance.  Simultaneously,  metabolic

reprogramming—a  hallmark  of  cancer—has  been  increasingly

recognized  in  MM,  with  alterations  in  glucose  metabolism,  lipid

metabolism, and amino acid utilization facilitating the heightened

energetic demands of malignant cells [19, 21]. The convergence of

immune  dysfunction  and  metabolic  reprogramming,  collectively

termed  immunometabolic  dysregulation,  represents  a  promising

yet underexplored avenue for prognostic biomarker development.

However, most existing prognostic models focus on tumor-intrinsic

features (such as cytogenetics and tumor burden) while neglecting

these  systemic  immunometabolic  alterations  [22, 23].  Recent

advances  in  high-throughput  transcriptomic  technologies  have

enabled  comprehensive  characterization  of  the  molecular

landscape of MM [24, 25]. Gene expression profiling (GEP) studies

have identified several prognostic signatures, such as the UAMS-70

and  EMC92  models,  which  demonstrate  superior  capacity  to

identify  high-risk  patients  compared  to  conventional  staging

systems [26, 27]. These signatures capture not only the biology of

tumor  cells  but  also  features  of  the  tumor  microenvironment,

including  immune  cell  composition  and  metabolic  pathway

activity.  However,  the  clinical  translation  of  these  molecular

signatures has been hindered by several  factors:  the requirement

for  specialized  platforms,  a  lack  of  standardization,  and  limited

validation  in  real-world  clinical  cohorts.  Furthermore,  the

relationship  between  transcriptomic  signatures  and  readily

measurable clinical biomarkers, including peripheral blood counts,

serum proteins,  and  inflammatory  markers,  remains  inadequately

characterized.  Bridging  the  gap  between  molecular  findings  and

routine  clinical  parameters  may  facilitate  the  development  of

more accessible and practical prognostic tools.

In this study, we employed an integrative analytical strategy to

systematically characterize the immunometabolic landscape of MM

and to validate its clinical prognostic value. Initially, we analyzed

transcriptomic  data  from  the  GSE24080  dataset  to  identify

differentially  expressed  genes  (DEGs),  elucidate  enriched

pathways,  characterize  immune  cell  infiltration  patterns,  and

develop  a  robust  molecular  classifier  for  MM.  Second,  we

leveraged a well-annotated clinical cohort of 101 newly diagnosed

MM  patients  to  investigate  the  distribution  of  immunometabolic

biomarkers  across  disease  stages,  explore  correlations  between

these  biomarkers,  and  evaluate  their  prognostic  significance

through  survival  analysis.  By  integrating  molecular  findings  with

clinical  parameters,  we  aimed  to  identify  clinically  accessible

biomarkers  indicative  of  the  underlying  immunometabolic

dysregulation  in  MM  and  to  develop  a  practical  prognostic

framework  that  complements  existing  staging  systems.  We

hypothesized  that  specific  immunometabolic  signatures,

particularly  those  related  to  tumor  burden  (β2-MG)  and  its

systemic  consequences  (anemia),  would  demonstrate  significant

prognostic  value  and  provide  insights  into  the  biological

mechanisms  driving  disease  progression.  Ultimately,  this

integrative  approach  might  offer  new  opportunities  for  risk

stratification and personalized therapeutic strategies in MM.

2.  MATERIALS AND METHODS

2.1  Study Design and Data Sources

This  study  utilized  an  integrative  analytical  strategy  to

systematically characterize the immunometabolic landscape of MM

and validate its  clinical  prognostic  value through parallel  analysis

of public transcriptomic datasets and a real-world clinical cohort.

The study workflow is illustrated in Figure 1.

2.1.1  GEO Transcriptomic Data

Transcriptomic data were obtained from the GSE24080 dataset in

the  Gene  Expression  Omnibus  (GEO)  database.  This  dataset

contains gene expression profiles from 559 bone marrow samples,

including  325  patients  with  newly  diagnosed  MM and  234  healthy

donors. Raw CEL files were processed using the Robust Multi-array

Average  (RMA)  algorithm  for  background  correction,  quantile

normalization,  and  probe  summarization.  Expression  values  were

log2-transformed for subsequent analyses.

2.1.2  Clinical Cohort Data

Clinical  data  were  retrospectively  collected  from  patients  newly

diagnosed with MM at the Department of Hematology of a tertiary

hospital between January 2016 and December 2020. The inclusion

criteria  were  as  follows:  (1)  diagnosis  meeting  the  2014

International Myeloma Working Group (IMWG) criteria; (2) age ≥ 18

years; (3) complete baseline laboratory examinations and survival

follow-up  data.  The  exclusion  criteria  were  as  follows:  (1)

presence  of  concurrent  malignancies;  (2)  active  infection  or

systemic glucocorticoid therapy within 3 months prior to diagnosis;

(3)  missing  >  20%  of  critical  clinical  variables.  A  total  of  101

patients were ultimately enrolled.

Baseline  data  collected  included  demographic  characteristics

(age,  sex),  ISS  stages,  CRAB  criteria,  peripheral  blood  parameters

(white blood cell [WBC] count, absolute neutrophil count [ANC] and

percentage, hemoglobin [HGB], platelet count [PLT), serum β2-MG,

bone  marrow  plasma  cell  percentage  (BMPC),  serum  creatinine,
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albumin, lactate dehydrogenase, and 25-hydroxyvitamin D. Survival

data  were  defined  as  the  time interval  (months)  from diagnosis  to

all-cause  mortality  or  last  follow-up  (June  2025);  patients  lost  to

follow-up were censored at the date of last contact.

The  study  was  conducted  according  to  the  guidelines  of  the

Declaration of Helsinki, and approved by the Ethics Committee of

People's Hospital of Ningxia Hui Autonomous Region (Approval No.

2025-WJW-033;  date  of  approval:  February  28,  2025).  Informed

consent  was  obtained  from all  subjects  involved  in  the  study.  Of

note,  due  to  the  retrospective  nature  of  the  study,  detailed

treatment  regimens  and  cytogenetic  data  were  not  available  for

analysis, which represents a limitation of this clinical cohort.

2.2  GEO Transcriptomic Data Analysis

2.2.1  Differential Expression and Functional Enrichment Analysis

The  limma  package  in  R  was  used  to  identify  DEGs  between  MM

patients  and  healthy  controls.  Thresholds  were  set  as  |log2(fold

change,  FC)|  >  1  and  a  false  discovery  rate  (FDR)  <  0.05.  Kyoto

Encyclopedia  of  Genes  and Genomes (KEGG) pathway enrichment

analysis was performed using the clusterProfiler package, with an

FDR of < 0.05 considered statistically significant.

2.2.2  Immune Cell Infiltration Analysis

The Cell-type Identification By Estimating Relative Subsets Of RNA

Transcripts (CIBERSORT) algorithm (100 permutations) was applied

to  estimate  the  relative  abundances  of  22  immune  cell  subsets

based  on  the  gene  expression  matrix.  Only  samples  with  a

CIBERSORT output p-value less than 0.05 were retained to ensure

reliable  deconvolution.  Following  filtering,  471  samples  (260  MM

patients  and  211  controls)  were  retained  for  immune  infiltration

analysis. The Wilcoxon rank-sum test was used to compare immune

cell proportions between the MM and control groups.

2.2.3  Molecular Subtype Identification

An expression matrix was constructed utilizing immunometabolism-
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FIGURE 1 Study  workflow  and  integrative  analysis  strategy. This  diagram  illustrates  the  analytical  pipeline  integrating  transcriptomic  and
clinical  data  to  identify  immunometabolic  prognostic  signatures  in  multiple  myeloma (MM).  Left  arm (transcriptomic  analysis):  Publicly
available  gene  expression  data  from  the  GSE24080  dataset  (325  MM  patients,  234  healthy  controls)  were  processed  to  identify
differentially  expressed genes (DEGs)  using limma, followed by Kyoto Encyclopedia of  Genes and Genomes (KEGG) pathway enrichment
analysis.  Immune  cell  infiltration  was  estimated via Cell-type  Identification  By  Estimating  Relative  Subsets  Of  RNA  Transcripts
(CIBERSORT). Unsupervised consensus clustering defined three immunometabolic subtypes, and a 12-gene classifier was developed using
least  absolute  shrinkage  and  selection  operator  (LASSO)  regression  (area  under  the  curve  [AUC]  =  0.979).  Right  arm  (clinical  cohort
analysis):  A  retrospective  cohort  of  101  newly  diagnosed  MM patients  was  analyzed  for  baseline  characteristics  (including  International
Staging  System  [ISS]  stages  and  CRAB  features).  Comparisons  across  ISS  stages,  Spearman  correlations  among  key  biomarkers  (β2-
microglobulin  [β2-MG],  hemoglobin  [HGB],  bone  marrow  plasma  [BMP]  cells),  univariate/multivariate  Cox  regression,  and  Kaplan-Meier
survival  analyses  were  performed.  Bottom  (integration):  Findings  from  both  arms  were  integrated  to  identify  clinically  relevant
immunometabolic prognostic signatures, highlighting the independent prognostic value of β2-MG and HGB and their correlation with tumor
burden and hematopoietic suppression. GEO database, Gene Expression Omnibus database.
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related  DEGs.  Unsupervised  consensus  clustering  was  performed

using  the  package  ConsensusClusterPlus  with  Euclidean  distance

and Ward's linkage, 1 000 iterations, and 80% item resampling. The

optimal  number  of  clusters  (k =  3)  was  identified  based  on  the

relative  change  in  the  area  under  the  cumulative  distribution

function (CDF) curve (Delta area) and consensus matrix heatmaps.

2.2.4  Feature  Gene  Selection  and  Classification  Model

Construction

To  identify  immunometabolism-related  genes  with  optimal

discriminatory  power,  least  absolute  shrinkage  and  selection

operator  (LASSO)  logistic  regression  was  employed  for  feature

selection. The penalty parameter λ was determined using 10-fold

cross-validation,  and  genes  with  non-zero  coefficients  at  the

minimal cross-validation error were selected. An extreme gradient

boosting  (XGBoost)  model  was  additionally  developed  for

comparison.  Model  discrimination  was  evaluated  using  the  area

under the receiver operating characteristic curve (AUC).

2.3  Clinical Cohort Data Analysis

2.3.1  Baseline Characteristics and Intergroup Comparisons

Continuous variables were presented as mean ± standard deviation

(SD),  while  categorical  variables  were  reported  as  frequencies

(percentages). Patients were stratified into three groups according

to  the  ISS:  stage  I,  II,  and  III.  For  intergroup  comparisons,

continuous  variables  were  analyzed  using  one-way  analysis  of

variance  (ANOVA)  if  normally  distributed  (as  determined  by  the

Shapiro–Wilk  test)  and homoscedastic  (assessed by Levene's  test);

otherwise,  the  Kruskal–Wallis  rank-sum  test  was  applied.

Categorical  variables  were  compared  using  Pearson's  chi-square

test  or  Fisher's  exact  test.  All  tests  were  two-sided,  with  a

significance level of α = 0.05.

2.3.2  Correlation Analysis

Spearman's  rank  correlation  coefficient  was  used  to  evaluate  the

relationships  between  peripheral  blood  parameters  (WBC  count,

ANC, neutrophil percentage [Neu%], HGB, PLT) and disease burden

indicators  (serum  β2-MG,  BMPC).  Correlation  matrices  were

visualized using heatmaps.

2.3.3  Survival Analysis

OS was defined as the time interval from the date of diagnosis to

the  date  of  death  from  any  cause  or  last  follow-up,  censoring

patients  who  were  lost  to  follow-up  at  their  last  known  contact.

Survival  durations  were  recorded  in  months.  Initially,  univariate

Cox  proportional  hazards  regression  analysis  was  performed  to

evaluate  the  association  of  each  potential  prognostic  factor  with

OS.  The  variables  included  in  the  analysis  were  age,  sex,  WBC

count,  Neu%,  serum  β2-MG,  BMPC,  HGB,  and  PLT.  Hazard  ratios

(HRs) and 95% confidence intervals (CIs) were calculated. Variables

with a p-value < 0.05 in the univariate analysis were subsequently

entered  into  a  multivariate  Cox  proportional  hazards  model  to

identify  independent  prognostic  factors.  A  backward  stepwise

selection  procedure  based  on  the  Akaike  information  criterion

(AIC)  was  applied  to  retain  the  most  parsimonious  set  of

predictors. The proportional hazards assumption for each variable

was  verified  through  examination  of  the  scaled  Schoenfeld

residuals  and  graphical  assessment  of  log-minus-log  plots;  no

violations  were  detected.  Results  were  visualized  using  forest

plots,  with  statistical  significance  established  at  a  two-tailed  α

level  of  0.05.  All  analyses  were  performed  using  R  software

(version  4.1.0;  R  Foundation  for  Statistical  Computing,  Vienna,

Austria) with the survival package.

3.  RESULTS

3.1  Differential Gene Expression, Functional Enrichment, and Co-

Expression Networks in MM

DEGs  were  identified  between  325  MM  cases  and  234  controls  in

the  GSE24080  dataset  using  the  limma  package.  As  shown  in

Figure  2A,  the  volcano  plot  separates  upregulated  and

downregulated  transcripts  under  the  criteria  of  an  adjusted

p <  0.05  and  |log2(FC)|  >  1,  yielding  342  upregulated  and  112

downregulated  DEGs.  The  heatmap  presented  in Figure  2B

displays  the  top  40  DEGs,  highlighting  distinct  expression  profiles

between  MM  and  control  samples,  with  genes  such  as MT1M,
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MAFF, ID3, ZIC1, CALM1,  and PSMD8 showing  pronounced

differences.  Boxplot  comparisons  of  representative  DEGs  (Figure

2C)  revealed significant dysregulation of CDKN1A, CDKN2A, TP53,

SOCS3, FOXO3, and IRF4 in MM compared to controls.

To  elucidate  the  biological  functions  underlying  these

transcriptional  alterations,  KEGG  enrichment  analysis  was

performed.  The  results  indicated  that  DEGs  were  predominantly

enriched  in  the  p53  signaling  pathway,  the  FOXO  signaling

pathway,  and  infection-related  pathways  (Figure  2D).  These

pathways are critically involved in cell cycle regulation, apoptosis,

metabolism,  and  immune  responses,  suggesting  their  potential

roles in MM pathogenesis.

To  examine  the  coordination  among  these  immunometabolic

transcripts,  we  conducted  a  co-expression  network  analysis.  The

Circos plot (Figure 2E) depicts positive (red) and negative (green)

correlations  among  key  DEGs,  with  link  width  proportional  to
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FIGURE 2 Differential  gene  expression,  functional  enrichment,  and  co-expression  networks  in  multiple  myeloma  (MM). (A)  Volcano  plot  showing
differentially  expressed genes (DEGs)  between MM patients  and healthy controls.  Red and blue dots  represent significantly  upregulated
and downregulated genes, respectively (|log2(fold change, FC)| > 1, false discovery rate (FDR) < 0.05). (B) Heatmap of the top 40 DEGs,
demonstrating  distinct  expression  patterns  between  MM  and  control  samples.  (C)  Boxplots  of  selected  DEGs  showing  significant
dysregulation  in  MM,  including CDKN1A, CDKN2A, TP53, SOCS3, FOXO3,  and IRF4.  (D)  KEGG  pathway  enrichment  analysis  of  DEGs,
highlighting  significant  enrichment  in  p53  signaling,  FOXO  signaling,  and  infection-related  pathways.  (E)  Circos  plot  illustrating  co-
expression  relationships  among  key  immunometabolic  genes;  red  lines  indicate  positive  correlations,  green  lines  indicate  negative
correlations, with line width proportional to correlation strength. (F) Spearman correlation matrix of hub immunometabolic genes, with
color intensity representing correlation strength. Asterisks denote statistical significance (*p < 0.05, **p < 0.01, ***p < 0.001).
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correlation  strength.  Among  these, CXCL2 exhibited  a  positive

correlation with SOCS3 and TNFRSF17, whereas CDKN1A showed a

negative correlation with CD38 and PRDM1. The correlation matrix

(Figure  2F)  further  revealed  significant  positive  correlations

between CDKN1A and GATA2, CD38 and PRDM1,  and CXCL12 and

TNFRSF17,  alongside  negative  correlations  between CDKN1A and

CD38, DUSP1 and CCND1,  and XBP1 and CCND1.  These  findings

indicate  a  coordinated  dysregulation  of  immunometabolic  gene

networks in MM.

3.2  Immune Cell Infiltration Landscape and Gene-Cell Interactions

Given  the  enrichment  of  immune-related  pathways  and  the

identification  of  immunometabolic  hub  genes,  we  subsequently

characterized  the  tumor  immune  microenvironment  in  MM.  The

application  of  the  CIBERSORT  algorithm  to  estimate  the  relative

proportions of 22 immune cell types from the GSE24080 expression

profiles  revealed  a  markedly  altered  immune  cell  composition  in

MM  samples  compared  to  healthy  controls  (Figure  3A).

Specifically, naive B cells, memory B cells, CD8+ T cells, CD4+ naive

T cells, and activated NK cells were significantly decreased in MM,

whereas plasma cells, CD4+ memory-activated T cells, regulatory T

cells  (Tregs),  monocytes,  M0  macrophages,  M2  macrophages,  and

activated  dendritic  cells  were  notably  enriched  (Wilcoxon  test,

p < 0.05).

To explore potential  regulatory relationships,  we examined the

correlations between hub immunometabolic genes and infiltrating

immune  cell  populations.  The  Spearman  correlation  heatmap

(Figure  3B)  revealed  distinct  association  patterns: GATA2 was

positively  correlated  with  plasma  cells  and  Tregs  but  negatively

correlated  with  naive  B  cells  and  CD8+ T  cells; CXCL12 showed

positive  correlations  with  naive  B  cells  and  CD8+ T  cells,  and

negative  correlations  with  monocytes  and  M0  macrophages; IRF4

was positively correlated with M2 macrophages, Tregs, and plasma

cells; TP53 displayed positive associations with activated dendritic

cells  and  negative  associations  with  M0  macrophages.  These

findings  underscore  specific  gene–immune  cell  interaction

networks  potentially  involved  in  MM  pathogenesis  and  immune

evasion.
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FIGURE 3 Immune cell  infiltration and gene-cell  interactions in multiple myeloma (MM). (A)  Boxplots  comparing  the  relative  proportions  of  22
immune cell subsets estimated by CIBERSORT between MM patients and healthy controls. Naive B cells, memory B cells, CD8+ T cells, CD4+

naive T cells, and activated natural killer (NK) cells were significantly decreased in MM, whereas plasma cells, CD4+ memory activated T
cells, regulatory T cells (Tregs), monocytes, M0 macrophages, M2 macrophages, and activated dendritic cells were significantly enriched
(Wilcoxon test, p < 0.05). (B) Spearman correlation heatmap showing relationships between hub immunometabolic genes and infiltrating
immune  cell  populations.  Color  intensity  represents  correlation  strength,  with  red  indicating  positive  correlations  and  blue  indicating
negative correlations. Asterisks denote statistical significance (*p < 0.05, **p < 0.01, ***p < 0.001).
 

3.3  Molecular Subtype Identification and Transcriptomic Classifier

Performance

The observed heterogeneity  in  both gene expression and immune

infiltration  prompted  an  investigation  into  whether

immunometabolic gene signatures could define distinct molecular

subtypes.  Unsupervised  consensus  clustering  of  immunometabolic

DEGs was performed using the ConsensusClusterPlus algorithm. To

determine the optimal number of clusters, we evaluated the CDF

curves  across  different k values  (Figure  4B).  The  CDF  curves

became  progressively  smoother  as k increased,  with  the  most

significant  improvement  occurring  at k =  3.  The  Delta  area  plot

(Figure  4C)  further  confirmed  that  additional  clusters  beyond

k = 3 contributed only marginally to the CDF area, indicating that

k =  3  provided  the  most  robust  representation  of  molecular

subtypes.  The  consensus  matrix  heatmap  for k =  3  (Figure  4A)

demonstrated  distinct  separation  and  high  intra-cluster

consistency,  supporting  the  presence  of  three  distinct

immunometabolic subtypes among MM patients.

Based  on  the  identified  molecular  subtypes  and  hub  genes,  we

sought  to  develop  a  robust  classifier  for  MM  detection.  LASSO

logistic regression was applied to identify the most discriminative

immunometabolic  genes,  yielding  a  12-gene  signature  with

minimal classification error across cross-validation folds (Figure 4D).

The  12  genes  identified  were CDKN1A, CDKN2A, SOCS3, GATA2,
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XBP1, CXCL12, CD38, TNFRSF17, DUSP1, PRDM1, IRF4, and CCND1.

An  XGBoost  model  was  also  trained  for  comparison.  The  LASSO

classifier  demonstrated  outstanding  discriminative  performance,

achieving  an  AUC  of  0.979  (Figure  4E),  which  reflects  its  high

sensitivity  and  specificity  in  differentiating  MM  cases  from

controls.  This  12-gene  signature  represents  a  parsimonious  yet

powerful tool for the molecular classification of MM, capturing the

principal  immunometabolic  dysregulations  identified  in  our

preceding analyses.

3.4  Baseline Characteristics of the Clinical Cohort

To validate the clinical relevance of these molecular findings, we

analyzed a cohort of 101 patients newly diagnosed with MM. Table 1

presents  a  summary  of  the  baseline  demographic  and  clinical

characteristics.  The  mean  age  of  the  cohort  was  63.2  years

(SD = 9.6), with a male predominance (60%). Of the 101 patients in

total,  16  had  missing  albumin  or  β2-MG  data  that  precluded  ISS

staging  calculation;  thus,  the  stage-stratified  analysis  was

performed  on  the  remaining  85  patients  with  complete  staging

data.  According to  the ISS,  14 patients  (13.9%)  were classified as

Stage  I,  35  (34.6%)  as  Stage  II,  and  36  (35.6%)  as  Stage  III.  The

majority  of  patients  (67.5%)  presented  with  at  least  one  CRAB

feature. The mean WBC count was 5.96 × 103/μL (SD = 3.37), and

the mean serum β2-MG level was 7.2 mg/L (SD = 7.3), with 41.7%

of  patients  classified  as  high-risk  (β2-MG  >  5.5  mg/L).  The  mean

BMPC  was  19.5%  (SD  =  23.1).  Over  a  median  follow-up  period  of

27.9 months, 37 deaths were recorded, yielding a mortality rate of

36.6%.
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FIGURE 4 Molecular  subtype  identification  and  transcriptomic  classifier  performance. (A)  Consensus  matrix  heatmap  for k =  3,  demonstrating
clear separation and high intra-cluster consistency among three distinct immunometabolic subtypes in multiple myeloma (MM) patients.
(B) Cumulative distribution function (CDF) curves for k = 2 to 9, illustrating the relative stability of clustering solutions. (C) Delta area plot
showing  the  relative  change  in  the  area  under  the  CDF  curve;  the  optimal  number  of  clusters  is  indicated  at k =  3,  where  additional
clusters contribute only marginally to clustering improvement. (D) LASSO regression cross-validation error curve. The optimal log(λ) value
corresponding to the 12-gene signature (CDKN1A, CDKN2A, SOCS3, GATA2, XBP1, CXCL12, CD38, TNFRSF17, DUSP1, PRDM1, IRF4, CCND1)
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characteristic (ROC) curve for the least absolute shrinkage and selection operator (LASSO) classifier, achieving an area under the curve
(AUC) of 0.979, indicating excellent discriminatory performance for distinguishing MM cases from controls.
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3.5  Clinical Characteristics Across ISS Stages

When  stratified  by  ISS,  significant  differences  in  clinical  and

laboratory  parameters  were  observed  across  the  three  stages

(Table 1).  As expected, patients diagnosed with Stage III  disease

exhibited the most aggressive clinical features. The proportion of

patients  presenting  with  CRAB  features  increased  significantly

from Stage I (23.1%) to Stage III (80.6%, p = 0.001). Consistent with

the  ISS  definition,  β2-MG levels  were  markedly  higher  in  Stage  III

patients  (mean  12.64  mg/L)  relative  to  those  in  Stage  I

(2.44 mg/L) and Stage II (3.52 mg/L, p < 0.001).

Additional  indicators  of  disease  burden  also  showed  significant

differences.  HGB  levels  were  dramatically  lower  in  Stage  III

patients  (mean  84.61  g/L)  compared  to  those  in  Stage  I

(128.50  g/L)  and  Stage  II  (122.60  g/L)  patients  (p <  0.001),

indicating more severe anemia—a clinical manifestation that aligns

with  the  erythroid  suppression  suggested  by  our  transcriptomic

findings.  The  BMPC was  also  highest  in  the  Stage  III  group  (mean

28.41%, p =  0.006).  Notably,  the  percentage  of  neutrophils

exhibited significant variation among the groups (p = 0.039), while

the total WBC count did not (p = 0.3925), as confirmed by ANOVA

and  Kruskal-Wallis  tests.  Consequently,  survival  outcomes  were

significantly  poorer  for  Stage  III  patients,  with  a  mean  survival

time of only 19.6 months compared to 46.4 months for Stage I and

34.7 months for Stage II (p < 0.001).

3.6  Correlation Among Clinical Biomarkers

To explore the interrelationships between key clinical biomarkers,

we  performed  a  Spearman  correlation  analysis,  visualized  as  a

heatmap in Figure 5A. A strong positive correlation was observed

between  WBC  count  and  ANC  (Spearman's ρ =  0.93, p <  0.001),

which is biologically expected.

More importantly, we identified significant correlations between

indicators  of  tumor  burden  and  systemic  effects.  As  shown  in

Figure 5B, serum β2-MG, a key indicator of tumor load, exhibited

a  strong  negative  correlation  with  HGB  levels  (ρ = −0.70,

p < 0.001), confirming the association between disease progression

and the development of anemia—a finding that resonates with the

dysregulated  erythropoiesis-related  pathways  identified  in  our

transcriptomic  analysis.  β2-MG  also  demonstrated  a  moderate

positive correlation with BMPC (ρ = 0.43, p < 0.001), as illustrated

in  the  heatmap  (Figure  5A).  Conversely,  BMPC  was  negatively

correlated  with  both  HGB  (ρ = −0.48, p <  0.001)  and  WBC  count

 

TABLE 1 Baseline characteristics of newly diagnosed MM patients stratified by ISS stages

Characteristic
Total

(n = 101)
ISS Stage Ij

(n = 14)
ISS Stage IIk

(n = 35)
ISS Stage IIIl

(n = 36)
p-value

Age, years, mean (SD) 63.2 (9.6) 61.43 (12.28) 63.29 (8.81) 63.86 (9.41) 0.728

Male [n (%)] 60 (59.4) 7 (50.0) 24 (68.6) 20 (55.6) 0.377

CRAB features present [n (%)] 56 (67.5)a 3 (23.1) 24 (70.6) 29 (80.6) 0.001

Bone marrow plasma cells (%), mean (SD) 19.5 (23.1) 10.15 (9.10) 13.35 (18.17) 28.41 (27.51) 0.006

HGB (g/L), mean (SD) 103.0 (30.2)b 128.50 (26.49) 122.60 (25.73) 84.61 (21.50) <0.001

Anemia [n (%)] 60 (59.4) 6 (42.9) 20 (57.1) 34 (94.4) <0.001

WBC count (×10³/μL), mean (SD) 5.96 (3.37) 6.41 (3.84) 6.18 (3.35) 5.58 (3.26) 0.656

Neu% (%), mean (SD) 59.8 (14.2)c 65.68 (12.15) 55.25 (15.38) 61.57 (13.20) 0.039

PLT (×10³/μL), mean (SD) 185.1 (94.7)d 220.71 (64.03) 188.97 (96.16) 167.54 (101.02) 0.199

Serum β2-MG (mg/L), mean (SD) 7.20 (7.29) 2.44 (0.46) 3.52 (1.42) 12.64 (8.51) <0.001

β2-MG risk stratification [n (%)i] <0.001

　Low (≤ 3.5 mg/L) 33 (39.3) 14 (100.0) 19 (54.3) 0 (0.0) -

　Intermediate (3.5–5.5 mg/L) 16 (19.0) 0 (0.0) 15 (42.9) 1 (2.9) -

　High (> 5.5 mg/L) 35 (41.7) 0 (0.0) 1 (2.9) 34 (97.1) -

Serum creatinine (μmol/L), mean (SD) 158.2 (171.3)e 57.67 (18.32) 70.31 (23.12) 264.71 (230.42) <0.001

Albumin (g/L), mean (SD) 31.2 (7.1)f 37.16 (2.01) 29.29 (7.55) 29.63 (6.35) <0.001

25-hydroxyvitamin D (ng/mL), mean (SD) 19.8 (13.2)g 34.91 (22.02) 16.93 (9.10) 16.36 (7.93) 0.013

Survival time (months), mean (SD) 30.8 (13.4)h 46.39 (3.18) 34.67 (10.78) 19.64 (7.07) <0.001

Death events [n (%)] 37 (36.6) 1 (7.1) 11 (31.4) 25 (69.4) <0.001

The p values were derived from ANOVA or Kruskal-Wallis test for continuous variables and chi-square test for categorical variables, as appropriate.
Bold font indicates statistical significance (p < 0.05). a Based on 83 patients with available CRAB data. b Calculated from Table 1 data (mean of
stage-specific means weighted by sample size). c–h Calculated from stage-specific means. I Data for β2-MG and its risk stratification were available
for 84 patients. j–l ISS stage data were available for 85 patients (14 Stage I, 35 Stage II, 36 Stage III). MM, multiple myeloma; ISS, International
Staging System; SD, standard deviation; CRAB, hypercalcemia, renal insufficiency, anemia, bone lesions; HGB, hemoglobin; WBC, white blood cell;
Neu%, neutrophil percentage; PLT, platelet count; β2-MG, β2-microglobulin.
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(ρ = −0.26, p =  0.008). Figure 5C further illustrates the negative

correlation between BMPC and HGB levels. These findings suggest

that  extensive  bone  marrow  infiltration  may  suppress  normal

hematopoietic  function,  consistent  with  the  altered  immune  cell

composition observed in the GEO analysis.

3.7  Prognostic Factors for OS

To  identify  predictors  of  survival,  we  performed  univariate  and

multivariate  Cox  proportional  hazards  regression  analyses.  In  the

univariate  analysis  (Table  2),  several  factors  were  significantly

associated  with  OS.  Older  age  at  diagnosis  was  identified  as  a

significant  risk  factor  (HR  =  1.046,  95%  CI:  1.012−1.081,

p =  0.0069).  Elevated  levels  of  classic  tumor  burden  markers,

namely serum β2-MG (HR = 1.098, 95% CI: 1.062−1.135, p < 0.001)

and  BMPC  (HR  =  1.022,  95%  CI:  1.010−1.035, p <  0.001),  were

associated  with  a  significantly  increased  risk  of  mortality.

Conversely,  elevated  HGB  (HR  =  0.966,  95%  CI:  0.953−0.979,

p < 0.001) and PLT (HR = 0.994, 95% CI: 0.990−0.999, p = 0.0087)

were  identified  as  protective  factors,  with  higher  levels

correlating with improved survival.

Variables  that  were  significant  in  the  univariate  analysis

(p <  0.05)  were  subsequently  included  in  the  multivariate  Cox

regression model. The forest plot in Figure 6C visually summarizes

the independent prognostic factors identified through multivariate

analysis.  After  adjusting  for  confounders,  three  factors  retained

their  independent  prognostic  significance.  Age  remained  an

independent  predictor,  with  older  patients  exhibiting  a  poorer

prognosis (HR = 1.041, 95% CI: 1.004−1.079, p = 0.029). Serum β2-

MG emerged as the strongest independent risk factor; for each one-

unit  increase  in  β2-MG,  the  risk  of  death  increased  by  6.5%

(HR = 1.065, 95% CI: 1.022−1.110, p = 0.0027). HGB level remained

an independent protective factor, with higher HGB associated with

a  reduced  risk  of  mortality  (HR  =  0.978,  95%  CI:  0.962−0.994,

p =  0.0089).  BMPC and PLT, significant in  univariate analysis,  did

not demonstrate independent prognostic value in the multivariate

model,  suggesting  their  effects  may  be  mediated  through  or

confounded by stronger predictors such as β2-MG and HGB.

To  further  visualize  the  prognostic  impact  of  key  risk

stratification  systems,  we  performed  Kaplan-Meier  survival

analysis.  As  shown  in Figure  6A,  patients  stratified  by  ISS
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TABLE 2 Univariate Cox regression analysis of OS in MM patients

Variable HR 95% CI p-value

Age 1.046 1.012–1.081 0.0069

Sex (male vs. female) 1.195 0.618–2.312 0.5971

WBC count 0.932 0.831–1.045 0.2289

Neu% 1.004 0.981–1.027 0.7377

Serum β2-MG 1.098 1.062–1.135 < 0.001

BMPC 1.022 1.010–1.035 < 0.001

HGB 0.966 0.953–0.979 < 0.001

PLT 0.994 0.990–0.999 0.0087

Bold font indicates statistical significance (p < 0.05). OS, overall
survival; MM, multiple myeloma; HR, hazard ratio; CI, confidence
interval; WBC, white blood cell; Neu%, neutrophil percentage; β2-MG,
β2-microglobulin; WBC, white blood cell; BMPC, bone marrow plasma
cell percentage; HGB, hemoglobin; PLT, platelet count.
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exhibited progressively poorer survival with advancing stage, with

median survival time declining from 46.4 months in stage I to 34.7

months  in  stage  II,  and  19.6  months  in  stage  III  (log-rank

p < 0.001). Given that serum β2-MG was the strongest independent

risk  factor  in  the  multivariate  analysis,  patients  were  stratified

based  on  β2-MG  risk  categories  (low:  ≤  3.5  mg/L;  intermediate:

3.5−5.5 mg/L; high: > 5.5 mg/L). The Kaplan-Meier curves (Figure

6B)  demonstrated  a  clear  separation  in  survival  outcomes  across

the three risk groups (log-rank p < 0.001),  with high-risk patients

exhibiting  the  poorest  prognosis.  These  clinical  findings  provide

critical  validation  for  the  molecular  signatures  identified  in  our

GEO  analysis,  particularly  highlighting  the  central  role  of  tumor

burden  (β2-MG)  and  its  systemic  hematopoietic  consequences

(anemia) in determining patient outcomes.

4.  DISCUSSION

In  this  integrative  study,  we  systematically  characterized  the

immunometabolic  landscape  of  MM  through  parallel  analysis  of

transcriptomic  data  and  a  real-world  clinical  cohort,  identifying

robust prognostic signatures at both molecular and clinical levels.

Our  findings  reveal  that  MM  is  characterized  by  the  coordinated

dysregulation  of  immunometabolic  gene  networks,  profound

alterations  in  immune  cell  composition,  and  clinically  accessible

biomarkers  that  independently  predict  patient  survival.  The

convergence  of  transcriptomic  findings  with  clinical

parameters—particularly the strong prognostic value of β2-MG and

HGB,  and  their  correlation  with  bone  marrow  plasma  cell

infiltration—underscores  the  central  role  of  tumor  burden  and  its

systemic  hematopoietic  consequences  in  determining  patient

outcomes.

The  transcriptomic  analysis  revealed  342  upregulated  and  112

downregulated genes in MM, with significant enrichment in the p53

and  FOXO signaling  pathways.  The  p53  pathway,  a  critical  tumor

suppressor mechanism regulating cell cycle arrest and apoptosis, is

frequently inactivated in MM through deletion or mutation, leading

to  impaired  apoptosis  and  chemotherapy  resistance  [28].  Our

finding  that TP53 expression  correlates  positively  with  activated

dendritic  cells  and negatively with M0 macrophages suggests  that

p53 dysfunction may contribute to immune evasion by altering the

composition  of  antigen-presenting  cells  in  the  tumor
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microenvironment. Similarly, the FOXO pathway, often suppressed

by  constitutive  phosphatidylinositol  3-kinase  (PI3K)/AKT  signaling

in  MM,  plays  a  pivotal  role  in  regulating  cellular  metabolism,

oxidative  stress,  and  survival  [29].  The  enrichment  of  FOXO

signaling  among  DEGs  aligns  with  previous  reports  that  FOXO

inhibition  promotes  enhanced  glycolysis  and  contributes  to

metabolic  reprogramming in malignant plasma cells  [30].  The co-

expression  networks  identified  in  our  analysis,  including

correlations  between CXCL2 and SOCS3 as  well  as  between

CDKN1A and GATA2,  suggest  coordinated  dysregulation  of  genes

involved in immune regulation and cell cycle control, highlighting

potential nodes for therapeutic intervention.

The  immune  infiltration  analysis  revealed  a  markedly  altered

bone  marrow  microenvironment  in  MM,  characterized  by  a

depletion  of  protective  immune  populations—including  naive  B

cells,  memory  B  cells,  and  CD8+ T  cells—and  an  enrichment  of

immunosuppressive  and  tumor-promoting  populations,  such  as

Tregs,  monocytes,  and  M0/M2  macrophages.  This  immunological

profile  is  consistent  with  the  established  concept  of  MM-induced

immune  evasion  and  dysfunction  [31, 32].  Tregs,  which  suppress

effector  T  cell  responses,  have been shown to accumulate in  the

bone  marrow  of  MM  patients  and  correlate  with  disease

progression  [33, 34].  Tumor-associated  macrophages,  particularly

M2-polarized  macrophages,  facilitate  angiogenesis,  suppress

antitumor  immunity,  and  support  plasma  cell  survival  through

secretion of interleukin-6 (IL-6) and other growth factors [35]. The

positive  correlation  between IRF4—a  master  regulator  of  plasma

cell differentiation and survival—and M2 macrophages observed in

our  analysis  further  supports  the  existence  of  reciprocal

interactions  between malignant  plasma cells  and their  supportive

microenvironment  [36, 37].  The  CXCL12/CXCR4  axis  recruits

immunosuppressive macrophages and Tregs to create an immune-

suppressive  microenvironment  that  suppresses  CD8+ T-cell

cytotoxicity [38]. This process promotes tumor cell homing to bone

marrow  niches  and  impairs  CAR-T  cell  infiltration  and  targeting,

resulting  in  attenuated  T-cell-mediated  antitumor  immunity  and

cellular  therapy  resistance  [39].  These  findings  reinforce  the

notion that therapeutic strategies targeting not only the malignant

clone  but  also  the  immune  microenvironment  may  enhance

treatment efficacy in MM.

The  identification  of  three  distinct  immunometabolic  subtypes

through  consensus  clustering  highlights  the  molecular

heterogeneity of  MM and suggests  that patients  may be stratified

based  on  underlying  biological  differences.  Such  stratification

could  inform  personalized  therapeutic  approaches;  for  example,

patients with subtypes characterized by high Treg infiltration may

benefit from immunomodulatory agents that target Treg function,

while those with metabolic pathway enrichment might respond to

metabolic  inhibitors.  The  development  of  a  12-gene  LASSO

classifier  with  excellent  diagnostic  performance  (AUC  =  0.979)

demonstrates the feasibility of translating these molecular insights

into  clinically  applicable  tools.  This  parsimonious  signature,

capturing key immunometabolic dysregulations, could complement

existing  cytogenetic  and  clinical  staging  systems  to  improve  risk

stratification.  Future  research  should  validate  this  signature  in

independent cohorts and prospectively assess its utility in guiding

treatment  decisions.  Although  our  12-gene  LASSO  classifier

demonstrated  excellent  diagnostic  performance  in  the

transcriptomic  dataset,  its  expression  in  relation  to  clinical

outcomes could not be validated in our clinical cohort due to the

lack  of  corresponding  gene  expression  data.  Future  prospective

studies should evaluate the prognostic value of this signature using

targeted expression assays.

The clinical cohort analysis provides important validation of the

molecular  findings  and  identifies  readily  accessible  biomarkers

with  independent  prognostic  value.  The  strong  correlation

between ISS stage and established markers of disease burden—β2-

MG,  HGB,  and  BMPC—confirms  the  clinical  validity  of  our  cohort

and aligns with the known biology of MM progression. The striking

inverse correlation between β2-MG and HGB (ρ = −0.70, p < 0.001)

is particularly noteworthy, as it directly visualizes the relationship

between  tumor  burden  and  its  systemic  hematopoietic

consequences. β2-MG, a component of the MHC class I molecule, is

shed  from  the  surface  of  malignant  plasma  cells  and  serves  as  a

reliable indicator of tumor mass [40]. HGB reflects the cumulative

effects of bone marrow infiltration by malignant plasma cells, the

suppression of erythropoiesis by inflammatory cytokines such as IL-

6,  and  renal  dysfunction—all  common  features  of  advanced  MM

[41, 42].  The  persistence  of  both  β2-MG and HGB as  independent

prognostic factors in the multivariate analysis, contrasted with the

loss  of  significance  of  BMPC  and  PLT,  suggests  that  these

peripheral  blood  biomarkers  may  capture  not  only  tumor  burden

but also the systemic impact of the disease more comprehensively

than  a  single  measurement  of  marrow  infiltration.  This  finding

implies that the prognostic effects of bone marrow infiltration and

PLT  are  likely  mediated  through  or  confounded  by  stronger

predictors, particularly β2-MG and HGB.

The negative correlation between BMPC and both HGB and WBC

count (ρ = −0.48 and −0.26, respectively) supports the concept of

hematopoietic  suppression  mediated  by  extensive  marrow

infiltration.  This  finding  resonates  with  the  immune  cell

alterations  observed  in  our  transcriptomic  analysis,  where  MM

samples  exhibited  depletion  of  multiple  hematopoietic  lineages,

including  B  cells  and  T  cells.  The  displacement  of  normal

hematopoietic  precursors  by  malignant  plasma  cells,  combined

with  the  suppressive  effects  of  inflammatory  cytokines  and

alterations  in  the  bone  marrow  niche,  contributes  to  the

cytopenias  commonly  observed  in  MM  patients  [43, 44].  These

cytopenias, in turn, heighten susceptibility to infections and limit

tolerance  to  cytotoxic  therapies,  directly  impacting  patient

outcomes.  The  survival  analyses  provide  compelling  evidence  for

the  prognostic  value  of  both  established  staging  systems  and

specific  immunometabolic  biomarkers.  The  distinct  separation  of

survival  curves  by  ISS  stage  (log-rank p <  0.001)  confirms  the
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continued  relevance  of  this  staging  system  in  contemporary

practice,  while  the  equally  robust  stratification  by  β2-MG  risk

categories  underscores  the  central  role  of  this  biomarker  in  MM

prognostication.  Importantly,  the  identification  of  HGB  as  an

independent  protective  factor—with  each  1  g/L  increase

associated  with  a  2.2%  reduction  in  mortality  risk—highlights  the

clinical significance of managing anemia in MM patients. Emerging

evidence indicates that anemia-driven iron depletion impairs CD8+

T-cell  metabolism  and  function,  creating  an  immunosuppressive

microenvironment  that  compromises  T-cell  fitness  and

immunotherapy response,  whereas elevated ferritin  predicts  poor

prognosis, pointing to iron metabolism as a promising therapeutic

target [45, 46].

This study possesses several strengths that enhance the validity

and generalizability of its findings. First, the integrative approach

combining high-resolution transcriptomic data with comprehensive

clinical  phenotyping  enables  the  cross-validation  of  molecular

discoveries within a clinically relevant context. Second, the use of

unsupervised  clustering  and  machine  learning  methods  reduces

subjective  bias  and  enhances  the  robustness  of  the  identified

signatures. Third, the focus on immunometabolic biomarkers—both

at  the  transcriptomic  level  and  through  routine  clinical

parameters—addresses  an  important  gap  in  current  prognostic

models and offers practical tools for risk stratification. Fourth, the

inclusion  of  comprehensive  survival  analyses  with  both  univariate

and  multivariate  Cox  regression,  complemented  by  Kaplan-Meier

visualization, provides a rigorous evaluation of prognostic factors.

Nevertheless,  several  limitations  must  be  acknowledged  when

interpreting  our  findings.  First,  the  clinical  cohort,  while  well-

characterized,  is  derived  from  a  single  center  with  a  relatively

modest sample size (n = 101), which may limit the generalizability

of  the  results  and  preclude extensive  subgroup analyses.  Second,

the retrospective design may introduce selection bias and reliance

on medical records for data ascertainment; therefore, prospective

validation  in  larger,  multicenter  cohorts  is  warranted.  Third,  the

survival  data,  while  adequate  for  the  primary  analyses,  had  a

median  follow-up  of  27.9  months,  which  may  be  insufficient  to

capture  long-term  outcomes  in  a  disease  with  highly  variable

survival trajectories. Fourth, the transcriptomic data were derived

from a single publicly available dataset (GSE24080); although this

dataset  is  well-annotated  and  widely  used,  validation  in

independent  cohorts  would  strengthen  the  generalizability  of  the

molecular  signatures.  Fifth,  the  12-gene  classifier,  while

demonstrating  excellent  diagnostic  performance,  requires

prospective  validation  and  standardization  prior  to  clinical

implementation.  Sixth,  the  prognostic  findings  are  based  on  a

cohort  from  the  pre-CAR-T  era  and  may  not  be  extrapolated  to

patients receiving cellular therapy; future studies should integrate

these  data  with  immunometabolic  biomarkers  for  comprehensive

risk stratification.

These  limitations  highlight  significant  avenues  for  future

research.  Prospective  cohort  studies  with  extended follow-up are

necessary  to  validate  the  prognostic  value  of  the  identified

immunometabolic  signatures  and  to  assess  their  utility  in  guiding

treatment decisions. The integration of cytogenetic and molecular

genetic  data  with  immunometabolic  biomarkers  could  enable  the

development  of  more  comprehensive  prognostic  models  that

capture  the  full  complexity  of  MM  biology.  Functional  studies

exploring  the  mechanistic  basis  of  the  observed  correlations—for

example,  how  β2-MG  directly  or  indirectly  suppresses

erythropoiesis—could  identify  novel  therapeutic  targets.  The  12-

gene  classifier  should  be  evaluated  in  independent  cohorts  using

standardized  platforms  to  assess  its  reproducibility  and  clinical

utility. Finally, validation of the 12-gene classifier in ISS stage II–III

MM patients may address the unmet clinical  needs in current risk

stratification.

5.  CONCLUSIONS

In  conclusion,  this  integrative  study  demonstrates  that  MM  is

characterized  by  coordinated  dysregulation  of  immunometabolic

pathways,  with  transcriptomic  alterations  in  the  p53  and  FOXO

signaling pathways, profound changes in immune cell composition,

and the presence of distinct molecular subtypes. These molecular

findings are validated by clinical  cohort analysis,  which identifies

β2-MG  and  HGB  as  independent  prognostic  factors  that  reflect

tumor  burden  and  its  systemic  hematopoietic  consequences.  The

strong  correlation  between  these  readily  accessible  biomarkers

and bone marrow plasma cell  infiltration underscores their utility

as  practical  surrogates  for  disease  burden.  Our  findings  suggest

that  incorporating  immunometabolic  biomarkers  into  existing

prognostic frameworks could enhance risk stratification and inform

personalized  therapeutic  strategies  in  MM.  Future  prospective

studies are warranted to validate these findings and to explore the

therapeutic  implications  of  targeting  immunometabolic  pathways

in this heterogeneous disease.
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