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Introduction

Multiple myeloma (MM) is a genetically heterogeneous 
hematologic malignancy characterized by the proliferation 
of clonal plasma cells in the bone marrow [1, 2]. Accord-
ing to the Cancer Statistics 2024 report, an estimated 35,780 
new cases of MM are projected to occur in the United States, 
with an associated mortality of approximately 12,540 deaths 
[3]. Despite advances in therapeutic strategies, including 
proteasome inhibitors and immunomodulatory drugs [4], 
relapse remains a major clinical challenge [5]. The high 
recurrence rate in MM patients is attributed to clonal evo-
lution, tumor microenvironment (TME) remodeling, and 
the emergence of drug-resistant subclones [1, 6, 7]. Thus, 
understanding the molecular mechanisms driving relapse 
is critical for developing targeted therapies and improving 
patient outcomes.
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Abstract
Multiple myeloma (MM) is a heterogeneous hematologic cancer marked by clonal plasma cell expansion in the bone 
marrow. Although treatments have improved, relapse remains common due to clonal evolution, tumor microenvironment 
changes, ultimately leading to drug resistance. This study utilized single-cell RNA sequencing data analysis to explore 
immune microenvironment dynamics during MM progression and relapse, aiming to uncover key pathways and cellular 
interactions correlated with disease relapse. ScRNA-seq data from 20 MM patients (10 primary, 2 remission, 8 relapsed) 
from the GEO dataset GSE223060 were analyzed. After quality control and batch correction, cells were clustered and 
annotated. Differential gene expression and functional enrichment analyses were conducted to explore cellular functions. 
Pseudotime analysis was used to trace plasma cell differentiation, and cell–cell communication was analyzed. Immunohis-
tochemistry and flow cytometry were used for validation.60,234 high-quality single cells were classified into 12 distinct 
populations. Relapsed MM showed increased T cell infiltration and decreased plasma cells. Relapsed samples had more 
regulatory T cells (Tregs) and impaired CD8 + T cells. MIF was identified as a key regulator in plasma cell evolution, 
linked to B cell receptor and interferon-alpha signaling. Enhanced MIF pathway activity was noted between plasma cells 
and CD8 + T cells in relapsed MM. Increased MIF expression was confirmed in relapsed tissues. Our findings reveal pro-
found immune microenvironment remodeling in relapsed MM, characterized by MIF-mediated signaling, NF-κB suppres-
sion, and CD8⁺ T cell dysfunction. These results provide new insights into the mechanisms of MM relapse and highlight 
potential therapeutic targets for preventing disease relapse.
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Single-cell RNA sequencing (scRNA-seq) has emerged 
as a highly effective tool for examining cellular diversity and 
intercellular interactions within the TME [8, 9]. Its applica-
tion in MM research has revealed remarkable complexity 
within the TME, identifying distinct cellular subpopulations 
that critically influence tumor progression, immune evasion, 
and resistance to therapy [10, 11]. ScRNA-seq indicates that 
the most significant differences between MM patients and 
healthy donors (HD) are localized to malignant plasma cell 
clusters, which exhibit mitochondrial dysfunction, enhanced 
proliferative capacity, and marked genomic instability, char-
acterized by elevated copy number variation (CNV) scores 
and mutated gene expression profiles [11]. The MM TME 
is further characterized by an expanded population of CD8⁺ 
terminally differentiated effector memory T cells (Temra), 
which exhibit features of cellular senescence and partial 
exhaustion [12].

Striking molecular distinctions emerge when comparing 
patients with newly diagnosed multiple myeloma (NDMM) 
and those with relapsed/refractory MM (RRMM) through 
scRNA-seq. PRMM specimens demonstrate unique tran-
scriptional signatures associated with mitochondrial stress 
response, endoplasmic reticulum stress pathways, and 
proteasomal activity [13]. The relapsed/refractory MM 
microenvironment exhibits even greater complexity, with 
S100A9 + plasma cell subsets showing a strong association 
with 1q21 amplification and distinct patterns of immune 
checkpoint expression and drug sensitivity [14]. These 
aggressive clones remodel the bone marrow niche through 
cytokine overproduction and cellular crosstalk, creating 
an immunosuppressive milieu enriched with PD1 + γδ T 
cells, tumor-associated macrophages, and depleted hema-
topoietic progenitors [15]. While these studies have sig-
nificantly advanced our understanding of MM biology, 
a critical knowledge gap remains regarding the compre-
hensive characterization of intratumoral and intertumoral 
heterogeneity between primary and relapsed disease sites. 
Therefore, understanding the cellular and molecular het-
erogeneity within and between primary and relapsed MM 
tumors is essential for advancing our knowledge of disease 
progression.

In this study, we analyzed data derived from scRNA-seq 
analysis of bone marrow samples from MM patients, com-
paring primary, remission, and relapsed cases. We employed 
scRNA-seq to characterize the dynamic changes in cellu-
lar composition, transcriptional profiles, and intercellular 
communication networks during disease progression. Our 
research revealed key molecular and cellular alterations 
associated with myeloma relapse, highlighting a profound 
rewiring of the TME.

Materials and methods

Data collection and processing

The scRNA-seq data (GSE223060) used in this study were 
obtained from the Gene Expression Omnibus (GEO) data-
base (​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​m​​.​n​i​​h​.​g​​o​v​/​g​e​o​/), comprising bone 
marrow samples from 20 patients with MM, including 10 
primary, 2 remission, and 8 relapse cases. The clinical char-
acteristics of the patients in each group are summarized in 
Table 1.

The scRNA-seq data were processed using Seurat 
(v4.1.1). Cells with mitochondrial content exceeding 10%, 
hemoglobin content exceeding 5%, or expressing fewer than 
200 or more than 5,000 genes were filtered out. Potential 
doublets were identified and removed using the Doublet-
Finder in the R package. Batch effects were corrected via 
Harmony [16] using the RunHarmony function. Data nor-
malization, cell clustering, and dimensional reduction were 
performed with the Seurat package. The “FindVariableFea-
tures” function was employed to select 2,000 highly variable 
genes from the corrected expression matrix. Subsequently, 
principal component analysis (PCA) was performed using 
the “RunPCA” function, with the top 20 principal compo-
nents retained for further analysis. Cell clusters were gener-
ated using the “FindClusters” function (resolution = 0.6) and 
visualized via UMAP (RunUMAP). Cell populations were 
annotated based on canonical marker genes and reference 
datasets from CellMarker 2.0.

Differential gene expression and functional 
enrichment analyses

Differentially expressed genes (DEGs) were identified for 
each cluster using the “FindMarkers” function in Seurat. 
Functional enrichment analysis of these DEGs was per-
formed using the R package “clusterProfiler” (v4.8.2), 
which included both Gene Ontology (GO) and Kyoto Ency-
clopedia of Genes and Genomes (KEGG) analyses [17]. 
Significantly enriched GO terms and KEGG pathways were 
screened using p < 0.05.

Pseudotime trajectory analysis

Monocle (v2.28.0) [18] was employed to construct pseudo-
time trajectories based on the gene expression profiles of 
plasma cells. After dimensionality reduction and cell order-
ing, all plasma cells were projected and ordered into tra-
jectories with distinct branches, with cells within the same 
branch considered to be in the same cellular state. Subse-
quently, Branched Expression Analysis Modeling (BEAM) 
was conducted to identify genes with branch-dependent 
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expression patterns. These branch-dependent genes facili-
tate the exploration of mechanisms underlying cell fate 
determination.

Cell–cell interaction analysis

The CellChat algorithm (v2.28.0) was utilized to investigate 
potential interactions among different cell types. A merged 
Seurat object, encompassing plasma cells and other cell 
types within the TME, served as the input for the algorithm. 
Following the creation of the CellChat object, a reference 
database was established based on secreted signaling path-
ways. The functions computeCommunProb and comput-
eCommunProbPathway were employed to infer specific 
receptor-ligand interactions and communication probabili-
ties among distinct cell types, respectively.

Immunohistochemical analysis

Human tumor and adjacent normal tissue specimens were 
fixed in 4% formaldehyde, paraffin-embedded, and sec-
tioned into 5 µm thick slices using a microtome. Following 
deparaffinization with xylene, tissue sections were rehy-
drated through a graded ethanol series. Antigen retrieval 
was performed using a citric acid-based buffer (Fuzhou 
Maixin Biotechnology Development Co., Ltd., China). 
To quench endogenous peroxidase activity, sections were 
treated with a peroxidase blocking reagent (Beijing Zhong-
shan Jinqiao Biotechnology Co., Ltd., China) for 10  min 

at room temperature. After three 3 min washes with PBS, 
nonspecific binding was blocked with 10% goat serum. Sec-
tions were then incubated overnight at 4 °C with a primary 
antibody against MIF (1:200 dilution; PA5-60,942, Thermo 
Fisher Scientific, USA). Following PBS washes, sections 
were incubated with horseradish peroxidase (HRP)-con-
jugated secondary antibody for 30  min at 25  °C. Immu-
noreactivity was visualized using 3,3′-diaminobenzidine 
(DAB) substrate (10 min), and nuclei were counterstained 
with hematoxylin for 2 min. Stained sections were imaged 
under a light microscope (Zeiss, Germany). This study has 
garnered approval from the Medical Ethics Committee of 
Tianjin Cancer Hospital Airport Hospital (IREC number: 
LWK-2025–0012).

Flow cytometry detection

Peripheral blood samples were obtained from patients with 
primary and relapsed MM. Mononuclear cells were isolated 
and washed once with PBS. For surface staining, cells were 
incubated with antibody cocktails from the Flow Cytometry 
CD45/CD4/CD8/CD3 Detection Kit (6,607,013, Beckman, 
USA) according to the manufacturer’s instructions. All 
staining procedures were performed in FACS buffer (PBS 
supplemented with 1% FBS and 5 mM EDTA) for 30 min 
on ice. After staining, cells were washed and resuspended 
in FACS buffer. Flow cytometric data were acquired using 
a Flow Cytometer (BD FACSCanto II, USA) and analyzed 
with FlowJo software (Treestar).

Table 1  Clinical data of each group of patients
Patient 
id

Age Gender Race ISS 
stage

Treatment TTPD in 
months

27522_1 Primary 27522 69 Male White 2 KRD x 4; ASCT; IRD consolidation x 4 ; Ixa/Len maintenance 32.73
27522_2 Remission-1
27522_3 Relapse-1
27522_4 Relapse-2
27522_5 Remission-2
27522_6 Relapse-3
37692_2 Primary 37692 68 Male White 1 Unknown NA
47491_2 Primary 47491 68 Male White UNK Unknown NA
56203_1 Primary 56203 63 Female White 3 VRD x 3; ASCT; Len maintenance 16.48
56203_2 Relapse-1
57075_3 Relapse-1 57075 62 Female White 2 VCD+Rituximab x 5; ASCT; VCD x 2 42.34
58408_2 Primary 58408 53 Male White UNK RVD+Daratumamab x 4; ASCT 7.73
59114_1 Primary 59114 49 Male White 2 KRD x 4; ASCT; KRD maintenance 44.57
59114_4 Relapse-1
60359_1 Primary 60359 57 Male White 1 VD x 3; ASCT; Len maintenance 33.85
60359_2 Relapse-1
77570 Primary 77570 66 Female White 1 VRD-Daratumamab x 4; ASCT; VRD-Daratumamab x2; Dara/

Len Maintenance
34.34

81012_1 Primary 81012 59 Female White 1 VRD x 4; ASCT; Len maintenance 26.45
81012_2 Relapse-1
83942 Primary 83942 63 Male White 3 Unknown NA

1 3

Page 3 of 16    188 



Clinical and Experimental Medicine          (2026) 26:188 

further quantified (Fig. 1H), with detailed sample-specific 
proportions provided in Table S1. Notably, we observed a 
significant increase in the proportion of T cells and a signifi-
cant decrease in the proportion of plasma cells in relapsed 
samples compared to primary samples (Fig. 1I, J).

Single cell transcriptional analysis of T cells during 
MM relapse

To further elucidate the role of T cell heterogeneity in MM 
progression, we performed a sub-clustering analysis on T 
cells. After dimensionality reduction and clustering, we 
identified 8 distinct T cell clusters (Fig. 2A, B), which were 
further annotated into 4 major subsets based on canoni-
cal marker gene expression: CD4 + T cells, CD8 + T cells, 
CD4 + regulatory T cells (Tregs), and naïve T cells (Fig. 2C, 
D). All T cell subsets were shared across primary, remission, 
and relapsed MM samples, but exhibited heterogeneous 
proportions (Fig. 2A). Moreover, we found that the abun-
dance of CD8 + T cells was elevated in remission samples, 
while the abundance of Treg cells was increased in relapsed 
samples (Fig.  2E, F). This phenotypic shift likely reflects 
enhanced tumoricidal capacity of the immune system in 
phased patients, mediated by CD8 + T cell expansion. Con-
versely, the pronounced accumulation of immunosuppres-
sive Tregs in relapsed samples suggests a tumor-permissive 
microenvironment characterized by impaired immune sur-
veillance. Such Treg-dominated immunosuppression may 
facilitate immune escape, ultimately promoting tumor cell 
survival and dissemination.

To further investigate the functional heterogeneity of 
T cell subsets, we analyzed the expression profiles of key 
effector molecules across primary, remission, and relapsed 
samples. Notably, CD8 + T cells from primary samples 
exhibited significantly higher expression of IFNγ—a piv-
otal immunomodulatory cytokine that enhances immune 
cell activation, promotes tumor cell apoptosis, and shapes 
the TME—compared to relapsed samples (Fig.  2G). This 
finding suggests that CD8 + T cells in primary MM maintain 
robust cytotoxic functionality, capable of mounting effec-
tive anti-tumor responses through IFNγ production. In con-
trast, the attenuated IFNγ expression in relapsed CD8 + T 
cells implies a progressive loss of cytotoxic potential, likely 
driven by immunosuppressive mechanisms within the TME 
(e.g., Treg-mediated suppression). We further scored T cell 
exhaustion across different T cell subtypes for each group 
and found that the exhaustion score was significantly higher 
in the relapsed group than in the primary group (Fig. 2H). 
Such functional impairment may compromise tumor cell 
clearance, ultimately fostering immune evasion and disease 
recurrence.

Cytokine analysis

Peripheral blood samples were obtained from patients with 
primary and relapsed MM. Plasma was separated within 4 h 
of collection using Ficoll-Hypaque density gradient centrif-
ugation (Sigma, USA). Selected cytokines (IL-2, IL-4, IL-6, 
IL-10, TNF-α, and IFN-γ) were quantified using a Human 
Six-Cytokine Detection Kit (JOINSTAR, China) accord-
ing to the manufacturer’s instructions, and analyzed on the 
iMatrix 100 flow-through chemiluminescence analyzer. 
Flow cytometry data were analyzed using FlowJo software 
(Treestar).

Statistical analysis

Continuous variables were analyzed using the independent 
Mann–Whitney U test (two-group) or the Kruskal–Wallis 
test (three groups), as appropriate. Categorical variables 
were compared using the chi-square test. All statistical 
analyses were performed using R software (version 4.0.5). 
A two-tailed P-value < 0.05 was considered statistically 
significant.

Results

Single-cell profiling uncovers immune 
microenvironment remodeling in MM relapse

To delineate the dynamic molecular and cellular landscape 
governing MM initiation and progression, we initially 
acquired scRNA-seq data from 20 MM specimens in the 
GSE223060 dataset, including 10 primary, 2 remission, and 
8 relapsed cases (Fig. 1A, B). Following quality control, a 
total of 60,234 high-quality single cells were retained for 
subsequent analysis. These cells were processed through 
dimensionality reduction and clustering algorithms, which 
identified 19 discrete cell clusters (Fig.  1C). Based on 
canonical marker gene expression patterns, the 19 initial 
clusters were biologically annotated into 12 distinct cell 
populations: T cells, CD14 + monocytes, plasma cells, NK 
cells, CD16 + monocytes, B cells, megakaryocytes, prolif-
erating cells, neutrophils, myeloid dendritic cells (mDCs), 
macrophages, and plasmacytoid dendritic cells (pDCs) 
(Fig.  1D, E). Comparative analysis between primary and 
relapsed groups revealed T cells, CD14 + monocytes, 
and plasma cells as the three most abundant populations 
(Fig. 1F). Next, we analyzed the cell counts across the pri-
mary, remission, and relapsed groups, showing that the pri-
mary group contained the highest number of cells, while the 
remission group had the lowest (Fig. 1G). The proportional 
distribution of each cell type across individual samples was 

1 3

  188   Page 4 of 16



Clinical and Experimental Medicine          (2026) 26:188 

Fig. 1  Single-cell transcriptomics revealed distinct cellular composi-
tions in multiple myeloma (MM) samples. A UMAP dimensionality 
reduction analysis showing the distribution of cells in each sample. B 
Results of cell grouping. C Results of cell clusters. D The results of 
cell annotation. E The expression of the marker gene in different cell 

types. F The number of different cell types in MM samples. G The cell 
counts across the primary, relapsed, and remission groups. H Cell type 
composition across individual samples. I The proportion of different 
cell types in primary and relapsed MM samples. J The proportion dif-
ferences of various cells in primary and relapsed MM. * p < 0.05
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the TME, exhibiting significantly higher proportions in the 
primary group compared to the relapse cohort. Of particu-
lar relevance, seminal studies have established that plasma 
cells—the malignant origin of MM—arise from terminal 
differentiation of B cells [19]. Given these pivotal observa-
tions, the current investigation will primarily focus on eluci-
dating the mechanistic contributions of CD14 + monocytes, 
plasma cells, and their B cell precursors in MM relapse 

Immune cell transcriptional remodeling in MM 
relapse: coordinated NF-κB suppression and altered 
functional states

Building upon our initial findings regarding cellular com-
position and intergroup disparities (Fig. 1A), we observed 
that besides T cells, CD14 + monocytes and plasma cells 
represented the most abundant immune populations within 

Fig. 2  Subclustering and annotation of T cells. A UMAP dimensional-
ity reduction analysis showing the distribution of T cells in primary, 
remission, and relapsed MM samples. B UMAP dimensionality reduc-
tion analysis displaying the clustering results of T cells. C The results 
of the annotation of T cell subpopulations. D The expression of marker 
genes in different T cell subpopulations. E The proportion of T cell 
subpopulations in primary, remission, and relapsed MM samples. F 
The proportion differences of various cells in primary, remission, and 

relapsed MM samples. G The expression patterns of subtype-specific 
genes in T cell subsets from primary, remission, and relapsed MM 
samples. The size of each bubble represents the proportion of T cell 
subtypes expressing the gene. The color intensity of the bubbles rep-
resents the normalized value of gene expression levels. H Exhaustion 
scores of T cells across different T cell types in the different groups. 
* p < 0.05
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were significantly enriched in leukocyte transendothelial 
migration (Fig.  3H), while the downregulated genes were 
significantly enriched in TNFα-NF-κB signaling (Fig. 3I). 
These findings reveal a recurrent pattern of NF-κB pathway 
suppression across CD14 + monocytes, plasma cells, and B 
cells in relapsed MM. As NF-κB serves as a master tran-
scriptional regulator governing immune activation, inflam-
matory responses, and cellular proliferation, its systemic 
downregulation suggests profound immunosuppression in 
the relapse microenvironment [20]. Moreover, particularly 
in CD14 + monocytes, the coordinated attenuation of mul-
tiple inflammatory pathways (interferon responses, TNFα 
signaling, etc.) implies functional impairment in immune 
surveillance capabilities.

Additionally, we analyzed the upregulated and downreg-
ulated genes in plasma cells (Fig. S4A-S4B), CD14 + mono-
cytes (Fig. S4E-S4F), and B cells (Fig. S4I-S4J) from 
remission samples in comparison to primary samples, and 
conducted functional enrichment analysis. In plasma cells, 
the upregulated genes in remission samples were signifi-
cantly enriched in heme metabolism (Fig. S4C), whereas the 
downregulated genes were significantly enriched in estro-
gen response late (Fig. S4D). In CD14 + monocytes and B 
cells, the upregulated genes in remission samples showed 
significant enrichment in chemical carcinogenesis—reac-
tive oxygen species (Fig. S4G, S4K), while the downregu-
lated genes were notably enriched in inflammatory pathways 
such as TNFα signaling via NF-κB (Fig. S4H, S4L).

Single-cell trajectory analysis reveals MIF-mediated 
BCR and interferon signaling in relapsed plasma 
cells

Further investigation into the dynamic evolution of plasma 
cells revealed three distinct cellular states: State1 cells were 
identified as the potential starting point, which subsequently 
bifurcated at Branch point 1 into State2 cells develop-
ing along the right trajectory and State3 cells progressing 
along the left trajectory (Fig. 4A, B). Pseudotime trajectory 
analysis (Fig. 4C) demonstrated that a greater proportion of 
relapsed plasma cells resided in State2. Using the Branch 
Expression Analysis Modeling (BEAM), we identified the 
top 50 branch-dependent genes that play pivotal roles in 
regulating the differentiation process from pre-branch to 
post-branch cell fates (Cell fate1 and Cell fate2). These 
genes were further classified into four expression modules 
(clusters) based on their expression patterns. Heatmap anal-
ysis (Fig. 4D) showed that Cluster2 exhibited progressively 
upregulated gene expression during the differentiation pro-
cess from pre-branch to Cell fate1-State2 (right trajectory 
after Branch point 1), with MIF being notably enriched 
in this cluster. Pathway enrichment analysis revealed that 

pathogenesis. Through comprehensive differential gene 
expression profiling and functional enrichment analyses, 
we aim to delineate the molecular signatures and biologi-
cal functions of these immune subsets during disease pro-
gression. In plasma cells, comparative analysis between 
primary and relapsed groups identified 837 DEGs, includ-
ing 206 significantly upregulated and 631 downregulated 
genes (Fig.  3A, relapsed vs. primary). Notably, Macro-
phage Migration Inhibitory Factor (MIF) ranked among the 
top five most significantly upregulated genes. Functional 
enrichment analysis demonstrated a clear functional diver-
gence between up- and down-regulated genes. Up-regulated 
genes were predominantly enriched in metabolic processes, 
including protein processing in the endoplasmic reticulum, 
amino acid biosynthesis, and oxidative phosphorylation 
(Fig. 3B). In contrast, down-regulated genes were signifi-
cantly associated with inflammatory pathways, most nota-
bly the NF-kappa B signaling pathway (Fig. 3C).

We subsequently conducted a sub-clustering analysis of 
CD14 + and CD16 + monocytes. Following dimensionality 
reduction and clustering, CD14 + monocytes were catego-
rized into three distinct clusters (Fig. S1A–S1B). Based 
on classical marker genes, the CD14 + monocytes were 
further classified into three subtypes: CD14_Mono_HLA, 
CD14_Mono_CXCL8, and CD14_Mono_VSIR (Fig. S1C–
S1D). Similarly, after dimensionality reduction and clus-
tering, CD16 + monocytes were annotated into three types: 
CD16_Mono_FCGR3A, CD16_Mono_LGALS2, and 
CD16_Mono_SIGLEC5 (Fig. S2A–S2D). All three sub-
types of CD14 + monocytes were identified across primary, 
remission, and relapsed MM samples (Fig. S1E–S1F, Fig. 
S2E–S2F). All three subtypes of CD14 + and CD16 + mono-
cytes were detected across primary, remission, and relapsed 
MM samples (Fig. S1E–S1F, Fig. S2E–S2F). Among 
CD14 + monocytes, a total of 433 DEGs were identified in 
the relapsed group compared to the primary group, with 266 
genes being upregulated and 167 downregulated (Fig. 3D). 
The upregulated genes exhibited significant enrichment in 
leukocyte transendothelial migration (Fig.  3E), while the 
downregulated genes were notably enriched in inflamma-
tory pathways, including the interferon gamma response, 
interferon alpha response, TNFα signaling via NF-κB, and 
inflammatory response pathways (Fig. 3F).

After dimensionality reduction and clustering, B cells 
were annotated into four types: Bm_FCRL5, Bcell_IGLL1, 
Bcell_IGKV3, and Bcell_IGHM (Fig. S3A–S3D). All four 
subtypes of B cells were detected across primary, remission, 
and relapsed MM samples (Fig. S3E–S3F). In B cells, a total 
of 214 DEGs were identified, with 148 being upregulated 
and 66 downregulated, when comparing the primary and 
relapsed groups (Fig. 3G, relapsed vs. primary). Functional 
enrichment analysis revealed that the upregulated genes 
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and play crucial roles during the differentiation of primary 
plasma cells into relapsed plasma cells.

Cluster2 genes were primarily associated with the B cell 
receptor signaling pathway and interferon-alpha response 
signaling (Fig. 4E). These findings collectively demonstrate 
that MIF, along with the B cell receptor signaling pathway 
and interferon-alpha response, are significantly upregulated 
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CD8 + T cells, CD14 + monocytes, NK cells, neutrophils, 
and megakaryocytes, along with CD99-dependent com-
munication involving CD8 + T cells, CD14 + monocytes, 
NK cells, CD16 + monocytes, mDCs, megakaryocytes, and 
pDCs. These findings collectively demonstrate a fundamen-
tal functional divergence in plasma cells between primary 
and relapsed TME, characterized by distinct ligand-receptor 
interaction patterns and pathway-specific communication 
strategies.

Oncogenic MIF signaling promotes immune evasion 
in relapsed MM via CD8 + T cell exhaustion and 
cytokine suppression

The above results showed that during the transition from 
in situ to relapsed plasma cells, the MIF gene, B cell 
receptor signaling pathway, and interferon-alpha response 
(IFN-α response) were significantly upregulated and played 
pivotal roles. In the relapsed group, plasma cells exhib-
ited enhanced MIF signaling pathway activity, facilitating 
extensive crosstalk with multiple immune cell populations. 
Notably, CD8 + T cells displayed markedly increased signal 
reception intensity, reinforcing the central role of the MIF 
pathway in modulating the immunosuppressive TME.

Thus, we conducted a comparative analysis of tumor-
associated immune features between primary and relapsed 
MM tissues, focusing on macrophage MIF expression and 
the functional state of tumor-infiltrating CD8 + T cells. 
Immunohistochemical analysis revealed that MIF expres-
sion was significantly elevated in relapsed MM samples 
compared to primary lesions (Fig.  6A, B). Flow cytome-
try was used to characterize the immune contexture in the 
tumor microenvironment. In relapsed MM, we observed that 
the level of CD8 + T cell infiltration was notably decreased 
compared to primary cases (Fig.  6C). More importantly, 
these CD8 + T cells displayed a functionally impaired phe-
notype, as evidenced by their markedly reduced production 
of the key effector cytokines IFN-γ and TNF-α (Fig. 6D-F). 
Taken together, these findings suggest that MM relapse is 
associated with a distinct immunological profile: upregula-
tion of MIF co-occurs with a contracted and functionally 
exhausted CD8 + T cell compartment. This altered immune 
state likely contributes to an immunosuppressive tumor 
microenvironment that may promote disease progression 
and immune evasion.

Discussion

Our single-cell transcriptomic analysis reveals profound 
TME remodeling in relapsed MM, characterized by MIF-
driven immune evasion, NF-κB pathway suppression, and 

Plasma cells exhibit distinct communication 
reprogramming between primary and relapsed MM 
microenvironments

To decipher intercellular communication within the TME, 
we constructed cell interaction networks quantifying poten-
tial receptor-ligand pairs in both primary (Fig. 5A), relapsed 
(Fig.  5B), and remission (Fig.  5C) MM groups. In the 
relapsed group, the interaction values of certain cell pairs 
reached approximately 20, while the highest value in the 
Primary group was only about 8 (Fig. 5A-B). This suggests 
that in the relapsed state, specific immune cells serving as 
signal senders exert a stronger influence on other cells. Com-
pared to the primary group, the overall intercellular interac-
tion intensity was elevated in the relapsed group, indicating 
significantly enhanced signal communication among certain 
immune cells (Fig. 5A-B). This phenomenon may be associ-
ated with the remodeling of the immune microenvironment 
and the enhancement or dysregulation of immune responses 
during tumor relapse. Heatmap analysis of differential inter-
cellular signaling pathway strength (Fig.  5D-F) revealed 
that the MIF pathway exhibited stronger signal output from 
plasma cells in relapsed MM compared to primary MM. 
Furthermore, comparative analysis of signal input/output 
strength across cell subtypes (Fig. 5G-H) demonstrated that 
CD8 + T cells in the relapsed group showed enhanced signal 
reception capacity relative to the primary group.

We next focused our analysis on plasma cells as signal-
sending cells and identified distinct group-specific com-
munication patterns through systematic ligand-receptor 
pair analysis (Fig. 5J). In the relapsed group, plasma cells 
demonstrated enhanced interactions with most immune 
cell populations via amplified MIF pathway signaling. 
By contrast, primary group plasma cells preferentially 
engaged specific immune subsets through two distinct 
mechanisms: ICAM pathway-mediated interactions with 

Fig.  3  Differentially expressed genes and enrichment analysis in 
immune cells between primary and relapsed MM samples. A Differ-
entially expressed genes between relapsed and primary MM groups 
in plasma cells. Genes upregulated in the relapsed MM samples are 
shown in red, while downregulated genes are shown in blue. B Enrich-
ment analysis of upregulated genes in relapsed vs. primary plasma 
cells. C Enrichment analysis of downregulated genes in relapsed 
vs. primary plasma cells. D Differentially expressed genes between 
relapsed and primary MM groups in CD14 + monocytes. Genes upreg-
ulated in the relapsed MM samples are shown in red, while downregu-
lated genes are shown in blue. E Enrichment analysis of upregulated 
genes in relapsed vs. primary CD14 + monocytes. F Enrichment analy-
sis of downregulated genes in relapsed vs. primary CD14 + monocytes. 
G Differentially expressed genes between relapsed and primary MM 
groups in B cells. Genes upregulated in the relapsed MM samples are 
shown in red, while downregulated genes are shown in blue. H Enrich-
ment analysis of upregulated genes in relapsed vs. primary B cells. I 
Enrichment analysis of downregulated genes in relapsed vs. primary 
B cells
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IFNγ compared to relapsed patients [22], implying greater 
tumor-killing capacity. In contrast, relapsed MM CD8 + T 
cells showed impaired function, marked by reduced IFNγ 
production [22]. This suppression may be driven by upreg-
ulated immune checkpoint molecules (e.g., PD-1, TIGIT) 
in the relapsed TME [23]. Concurrently, the expansion of 
Tregs in relapse [24] likely exacerbates immunosuppression 
via inhibitory cytokines (e.g., TGF-β, IL-10) or direct sup-
pression of effector T cells [25], fostering immune escape. 
Collectively, these findings highlight stage-dependent alter-
ations in T cell subsets. Remission MM is characterized 
by robust anti-tumor immunity mediated by CD8 + T cells, 
while relapse is associated with Treg-driven suppression 
and CD8 + T cell dysfunction. Therapeutic strategies target-
ing these T cell dynamics may improve outcomes in MM.

In patients with primary MM, the proportions of 
CD14 + monocytes and plasma cells were significantly 
elevated compared to relapsed MM cases, suggesting these 

CD8 + T cell dysfunction. These findings provide mechanis-
tic insights into the immunosuppressive TME of relapsed 
MM and highlight potential therapeutic vulnerabilities.

Compared to primary MM, relapsed disease showed 
a pronounced shift in immune composition, with T cell 
enrichment and concomitant plasma cell depletion. This 
shift likely reflects dynamic immune remodeling and TME 
modulation. Further subclustering analysis suggested a 
compositional shift in the T cell landscape between remis-
sion and relapsed MM samples, with an observable trend 
toward higher enrichment of CD8 + T cells in remission 
samples and a predominance of Tregs in relapsed samples. 
Prior studies indicate that CD8 + T cells from remission MM 
patients exhibit restored functional and metabolic activ-
ity, a phenotype absent in relapsed cases [21], suggesting 
stage-specific roles for these subsets. Functional profiling 
demonstrated that CD8 + T cells from primary MM patients 
expressed significantly higher levels of the cytotoxic marker 
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Fig. 5  Cell–cell interactions in the MM microenvironment. A-C Heat-
maps depicting overall interaction strengths between specific cell 
subtypes in primary (A), relapsed (B), and remission (C) MM sam-
ples. D-F Heatmaps showing differential outgoing signaling pathway 
strengths between cell types in primary (D), relapsed (E), and remis-

sion (F) MM groups. G-I Dot plots displaying output and input signal-
ing intensities across cell populations in primary (G), relapsed (H), 
and remission (I) MM samples. J Bubble plot highlighting differential 
ligand-receptor interactions between plasma cells (sender cells) and 
immune cells in primary vs. relapsed MM
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compared to primary MM tissues, suggesting an altered 
inflammatory microenvironment during disease progres-
sion. As a pleiotropic cytokine, MIF orchestrates immune 
regulation, inflammatory responses, and tumor progression, 
with its overexpression in MM correlating strongly with 
disease advancement and poor prognosis [35]. Mechanis-
tically, MIF promotes tumor cell survival and drug resis-
tance by modulating apoptosis, proliferation, and migratory 
capacity [36], with its elevated expression in relapsed cases 
suggesting critical roles in microenvironmental adaptation, 
immune evasion, and acquired treatment resistance [37, 
38]. The BCR pathway—central to B-cell and plasma cell 
development—appears co-opted by MIF through regulation 
of key components like SYK and PI3K [39], potentially 
amplifying BCR signal transduction to bolster tumor cell 
survival[40]. Concurrently, MIF engages with IFN-α signal-
ing by modulating STAT1 and IRF4 [41, 42], shaping both 
immunoregulatory responses and tumor microenvironment 
remodeling. This dual-pathway integration likely facilitates 
immune escape during relapse [43].

Our cell communication analysis revealed enhanced sig-
naling reception in CD8⁺ T cells from relapsed MM sam-
ples, where plasma cells exhibited intensified MIF-mediated 
interactions with immune cells (particularly CD8 + T cells). 
Flow cytometry demonstrated increased CD8 + T cell infil-
tration but decreased IFN-γ levels in relapsed versus pri-
mary MM tissues. The augmented signal reception capacity 
of these CD8 + T cells likely reflects functional reprogram-
ming affecting their antitumor responses [44]. Mecha-
nistically, plasma cell-derived MIF signaling appears to 
modulate CD8 + T cell function by suppressing cytotoxicity 
and promoting exhaustion [44], creating an immune-per-
missive microenvironment that facilitates tumor immune 
evasion and disease progression [45]. Although numerically 
expanded, these CD8 + T cells exhibit functional impair-
ment characteristic of tumor microenvironment-induced 
exhaustion [46, 47], with MIF signaling further compro-
mising their cytotoxic potential [48]. Notably, MIF down-
regulates NKG2D expression and IFN-γ production in 
CD8 + T cells [49], representing a key mechanism underly-
ing immune dysfunction in MM relapse. Collectively, these 
findings establish a paradigm where MIF-mediated cross-
talk between plasma cells and numerically expanded but 
functionally impaired CD8 + T cells drives disease recur-
rence, highlighting this axis as a promising therapeutic tar-
get for relapsed MM.

This study delineates profound remodeling of the TME 
in relapsed MM through single-cell transcriptomic profil-
ing, revealing MIF-mediated immune evasion, suppression 
of NF-κB signaling, and functional exhaustion of CD8 + T 
cells. Our findings demonstrate an increased proportion of 
immunosuppressive Tregs alongside numerically expanded 

cell populations may exhibit enhanced biological activ-
ity during early disease stages. As key immune regula-
tors, CD14 + monocytes may drive enhanced inflammatory 
responses in the tumor microenvironment, potentially con-
tributing to disease progression and osteolytic events [26]. 
Notably, our analyses revealed significant suppression of 
NF-κB signaling in plasma cells, CD14 + monocytes, and 
B cells [27]. Given the central role of NF-κB in inflamma-
tory responses and immune regulation, its inhibition may 
profoundly alter cellular function. In plasma cells and B 
cells, NF-κB suppression could impair proliferation, dif-
ferentiation, and survival capacity, potentially explaining 
their reduced prevalence in relapsed MM [26–28]. Further-
more, NF-κB inhibition may attenuate the release of criti-
cal inflammatory mediators such as IL-6 and TNF-α, which 
are known to drive MM pathogenesis [29, 30]. Mechanis-
tically, NF-κB pathway suppression has been shown to 
significantly inhibit MM cell proliferation, migration, and 
osteoclastogenic activity [31–33]. For instance, LGR4-
mediated activation of NF-κB promotes tumor homing 
and bone destruction, while pharmacological inhibition of 
this pathway reverses these effects [31]. Similarly, VCP20 
exerts anti-tumor effects through NF-κB suppression [32]. 
However, the observed reactivation of NF-κB signaling in 
relapsed MM may contribute to acquired drug resistance 
and immune evasion [34], highlighting the dynamic regula-
tion of this pathway during disease evolution. Accordingly, 
the expansion of CD14 + monocytes and plasma cells cou-
pled with NF-κB suppression in primary MM may represent 
a coordinated mechanism of early disease regulation. Eluci-
dating these pathways could unveil novel therapeutic targets 
for MM intervention.

Our investigation of plasma cell dynamics identified 
significant upregulation of MIF in relapsed MM samples. 
IHC analysis further confirmed elevated MIF expression in 
relapsed versus primary MM tissues. Pseudotime trajectory 
analysis established MIF as a key regulator of plasma cell 
evolution, mechanistically linked to both BCR and IFN-α 
signaling pathways. Notably, flow cytometry revealed 
significantly reduced IFN-γ and TNF-α levels in relapsed 

Fig.  6  Elevated MIF expression and reduced CD8 + T cell/IFN-γ/
TNF-α levels in relapsed MM tissues. A Representative immunohisto-
chemical (IHC) staining of MIF in primary(n = 5) and relapsed(n = 5) 
MM tissues (scale bar: 100 μm), Three fields of view were selected 
from each histopathological section. B Quantitative H-score analysis of 
MIF staining intensity in normal tissue and MM tissue.****p < 0.0001. 
C Flow cytometry analysis of CD8 + T cell infiltration frequencies in 
primary(n = 5) and relapsed(n = 5) MM tissues. D The statistical analy-
sis of the proportion of CD8 + T cells in primary and relapsed MM 
samples. Data presented as mean ± SD; **p < 0.01. E Flow cytom-
etry quantification of IFN-γ and TNF-α levels in primary(n = 7) and 
relapsed(n = 7) MM tissues. F The statistical analysis of the levels of 
IFN-γ and TNF-α in primary and relapsed MM samples. Data pre-
sented as mean ± SD; *p < 0.05, **p < 0.01, ***p < 0.001
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reproduction in any medium or format, as long as you give appropri-
ate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if you modified the licensed 
material. You do not have permission under this licence to share 
adapted material derived from this article or parts of it. The images or 
other third party material in this article are included in the article’s Cre-
ative Commons licence, unless indicated otherwise in a credit line to 
the material. If material is not included in the article’s Creative Com-
mons licence and your intended use is not permitted by statutory regu-
lation or exceeds the permitted use, you will need to obtain permission 
directly from the copyright holder. To view a copy of this licence, visit ​
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