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Background: This study aimed to delineate the single-cell transcriptome of bone marrow (BM) cells from wild-type (WT) and type 2 
diabetic (T2D) mice, revealing distinct immune microenvironment features.
Methods: Single high-throughput single-cell RNA sequencing dataset (GSE212726) from BM cells of WT and streptozotocin (STZ)- 
induced T2DM mice were analyzed. Uniform manifold approximation and projection (UMAP), pseudo-time analysis, gene enrichment 
studies, and CellphoneDB were employed to identify immune cell interactions within the osteoimmune microenvironment. Key gene 
expression was validated by quantitative real-time polymerase chain reaction (qRT-PCR).
Results: After filtering low-quality cells and doublets, 9,360 cells (WT) and 10,885 cells (T2DM) were retained and classified into 12 clusters. 
Proportional analysis revealed a significant decrease in BM-neutrophils (66.56% → 54.73%) and an increase in B cells (9.16% → 19.78%) in 
the DM group. The DM/WT ratio for BM-neutrophils/T cells, BM-neutrophils/DCs, and monocytes/T cells increased, while the ratio for BM- 
neutrophils/Naïve_B decreased. KEGG pathway analysis highlighted enrichment of neurodegeneration, protein processing in the endoplasmic 
reticulum, and amyotrophic lateral sclerosis pathways in BM-neutrophils. Intercellular communication analysis indicated reduced incoming 
and outgoing interaction strength for B cells and T cells, while the T2D group showed enhanced THBS, VISFATIN, CLEC, IL4, and IL6 
signaling. Notably, CLEC was specific to outgoing signaling in T cells, and THBS was specific to both outgoing and incoming signaling in 
monocytes, MSCs, and BM-neutrophils.
Conclusion: Single-cell RNA sequencing provides a comprehensive profile of bone marrow immune cells in T2D mice and has 
highlighted their heterogeneity, population shifts, and intercellular interactions. These findings highlight critical alterations in immune 
cell functions that may contribute to T2D progression and suggest possible avenues for future therapeutic investigation. Future 
research should continue to leverage scRNA-seq technology to refine treatment strategies and enhance patient outcomes by addressing 
immune dysfunction and chronic inflammation.
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Introduction
Type 2 diabetes mellitus (T2DM) is a chronic metabolic disorder marked by insulin resistance and relative insulin 
deficiency, leading to persistent hyperglycemia. Unlike Type 1 diabetes mellitus (T1DM), which typically arises in 
childhood and involves autoimmune destruction of pancreatic β-cells, T2DM predominantly occurs in adults and is 
strongly associated with obesity, physical inactivity, and genetic predisposition.1,2 The rising global prevalence of T2DM 
underscores the urgent need to elucidate its pathophysiology, particularly the interplay between metabolic dysregulation, 
systemic inflammation, and tissue-specific complications, including those affecting the bone marrow.
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Chronic low-grade inflammation is increasingly recognized as a central contributor to T2DM progression. Immune cells, 
such as monocytes, macrophages, and neutrophils, mediate this inflammatory state, exacerbating insulin resistance and metabolic 
dysfunction. The bone marrow (BM), as the primary hematopoietic organ, serves both as a source and a regulator of these 
immune cells. Consequently, alterations in BM cellular composition and function can profoundly influence systemic inflamma
tion, immune responses, and metabolic homeostasis.3,4 Notably, T2DM has been associated with an expansion of pro- 
inflammatory monocytes (eg, Cd36+ subsets) and skewing of macrophage polarization towards a pro-inflammatory phenotype, 
suggesting that immune dysregulation in the BM may contribute to both chronic inflammation and impaired bone remodeling.5,6 

Furthermore, changes in the BM microenvironment, including stromal cell activity and extracellular matrix remodeling, can 
disturb hematopoiesis and immune responses, linking local BM alterations to systemic complications of T2DM such as 
cardiovascular disease and kidney injury.7–9

Bone health is tightly connected to BM immune regulation, a relationship encapsulated by the concept of osteoimmu
nology. Immune cells within the BM, including monocytes, neutrophils, and B cells, influence osteoclast and osteoblast 
activity, thereby modulating bone formation and resorption. In T2DM, chronic hyperglycemia, metabolic stress, and 
inflammatory cytokines disrupt the balance of osteoclasts and osteoblasts, increasing the risk of osteoporosis and 
fracture.10–12 For instance, AP-1–mediated suppression of osteoclast activity has been described in diabetic bone, under
scoring how molecular immune signals can reshape skeletal remodeling.13 Importantly, emerging evidence indicates that 
immune-mediated shifts in BM neutrophils, B cells, and monocytes not only impair local bone turnover but also exacerbate 
systemic inflammation and metabolic dysfunction, further connecting osteoimmune interactions to broader T2DM patho
physiology. Clinically, such immune-driven bone fragility has been associated with higher fracture incidence, delayed bone 
healing, and poorer outcomes after orthopedic surgery in diabetic patients, making this research area of significant 
translational relevance. Despite these insights, detailed mechanisms linking specific BM immune subsets to T2DM-related 
bone pathology remain poorly understood. A deeper understanding of how immune dysregulation contributes to T2DM and 
its complications is crucial for the development of targeted prevention and treatment strategies of bone health.14,15

Technological advances such as single-cell RNA sequencing (scRNA-seq) now provide a transformative approach to dissect 
cellular heterogeneity and functional states at unprecedented resolution. This technology is particularly suited for studying the 
BM microenvironment in T2DM, where multiple immune and stromal cell types interact dynamically, and conventional bulk 
RNA-seq approaches cannot resolve subset-level changes or intercellular signaling networks.16,17 Previous scRNA-seq 
studies16,17 in diabetic models have explored general shifts in myeloid and lymphoid compartments; however, they often lack 
detailed subset annotation, functional state analysis, or ligand-receptor interaction characterization, leaving gaps in understanding 
BM immune dysregulation in T2DM.18,19 Thus, the precise mechanisms linking BM immune alterations to systemic inflamma
tion and bone pathology in T2DM remain incompletely understood.

To address these knowledge gaps, the present study leverages scRNA-seq to provide a comprehensive analysis of BM cells in 
T2DM mice. Specifically, our objectives are to: (1) profile immune cell heterogeneity, including neutrophil, monocyte, B cell, 
T cell, and dendritic cell subsets; (2) identify T2D-specific alterations in cellular proportions and functional states; and (3) 
characterize intercellular communication within the osteoimmune microenvironment through ligand-receptor analysis. By 
systematically mapping these changes, we highlight nuanced T2D-specific reprogramming of the BM immune landscape, 
uncover altered pathways such as THBS, CLEC, and IL-6 signaling, and provide mechanistic insights into how BM immune 
dysregulation contributes to systemic inflammation, insulin resistance, and bone remodeling defects in T2DM. Collectively, this 
study not only extends beyond prior research by integrating cellular, molecular, and intercellular dimensions of BM pathology, 
but also lays the foundation for future translation of scRNA-seq findings into therapeutic strategies that may alleviate immune 
dysfunction and skeletal complications in T2DM.

Materials and Methods
High-Throughput Gene Expression Data
The high-throughput single-cell RNA sequencing data were downloaded from the GEO database (https://www.ncbi.nlm. 
nih.gov/geo/) under the accession number GSE212726. The dataset is based on the GPL24247 platform (Illumina 
NovaSeq 6000, Mus musculus) and includes two samples: whole bone marrow cells extracted from the femur and 
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tibia of wild-type mice (Group WT) and those from T2DM mice (Group DM). These samples were selected for in-depth 
analysis in this study. This dataset was selected due to its comprehensive annotation, availability of metadata, and 
complete profiling of bone marrow immune cells. Other public datasets (eg, db/db or diet-induced models) were also 
screened through GEO and ArrayExpress using the terms: “diabetes”, “bone marrow”, “single-cell RNA-seq”, “mouse”, 
and “immune.” Inclusion criteria required (a) availability of raw counts or processed matrices, (b) annotation of bone 
marrow tissue origin, (c) specification of diabetes induction method, and (d) sufficient sequencing depth and metadata. 
While GSE212726 was prioritized, future studies will incorporate additional murine and human datasets for validation 
and translational extension.

Cell Clustering Analysis, Visualization, and Annotation
To ensure data quality, Low-quality cells (<200 detected genes or >10% mitochondrial transcripts) and potential 
doublets (>25,000 UMIs) were excluded. Additional doublet detection was performed using DoubletFinder v2.0. Data 
normalization and regression were performed with Seurat v5.0.3, generating scaled data from UMI counts and 
mitochondrial content. For cell normalization and regression, we utilized the Seurat package (version 5.0.3, https:// 
satijalab.org/seurat/). The process involved using the expression matrix, unique molecular identifier (UMI) counts per 
sample, and mitochondrial content to generate scaled data. Principal Component Analysis (PCA) was performed on the 
top 2,000 highly variable genes, and the first 10 principal components were selected for constructing t-SNE and UMAP 
plots. To address batch effects across samples, we applied the fastMNN function from the scran package (version 
1.12.1) with parameters set to k=5, d=50, and approximate = TRUE, leveraging the mutual nearest neighbor method. 
An unsupervised cell clustering analysis was performed using a graph-based method with a resolution of 0.4, focusing 
on the top 10 PCA components. The identification of marker genes was conducted via the FindAllMarkers function, 
utilizing the Wilcoxon rank sum test algorithm with the following criteria: (1) log fold change (logFC) greater than 
0.25; (2) p-value less than 0.05; (3) minimum percentage (min.pct) exceeding 0.1. To refine cell type characterization, 
clusters identified as the same cell type were selected for additional re-tSNE analysis, followed by graph-based 
clustering and marker identification.

Pseudo-Time Analysis
Pseudotime analysis was performed using Monocle 2 [Monocle2](http://cole−trapnell−lab.github.io/monocle−release), 
utilizing the DDR-Tree algorithm with default settings. Before running the Monocle analysis, we selected marker genes 
identified from the Seurat clustering results and utilized raw expression counts of filtered cells. Following the pseudotime 
analysis, Branch Expression Analysis Modeling (BEAM)20 was employed to investigate genes responsible for determin
ing cell fate at specific branch points.

Cell-Cell Communication Analysis
We used CellphoneDB v 2.1.7,21 a comprehensive database of ligands, receptors, and their interactions, to systematically 
examine cell-cell communication molecules. For clusters at various time points, we annotated membrane, secreted, and 
peripheral proteins. We identified significant interactions by evaluating the mean interaction scores and cell communica
tion significance, considering only those interactions with a p-value less than 0.05. These interactions were based on the 
normalized cell matrix obtained through Seurat’s normalization process. Normalized Seurat matrices were input, and 
results highlight potential T2D-specific signaling (eg, THBS, CLEC, IL-6). These predictions are computational and 
require experimental confirmation (eg, blocking antibodies, co-culture assays).

Differential Expression Genes (DEGs) Analysis
To identify differentially expressed genes (DEGs) among samples, we utilized the FindMarkers function, which employs 
the Wilcoxon rank-sum test algorithm. The criteria for selecting DEGs were as follows: a logFC greater than 1, an 
adjusted p-value below 0.05, and a minimum expression percentage (min.pct) above 0.1.
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Gene Ontology Analysis
To understand the biological significance of marker genes and DEGs, we conducted Gene Ontology (GO) analysis. GO 
annotations were sourced from NCBI (http://www.ncbi.nlm.nih.gov/), UniProt (http://www.uniprot.org/), and the Gene 
Ontology database (http://www.geneontology.org/). Fisher’s exact test was applied to identify significantly enriched GO 
categories, and we adjusted p-values using False Discovery Rate (FDR) correction.22

Pathway Analysis
Pathway analysis was conducted to identify key pathways associated with marker genes and DEGs by leveraging the 
KEGG database.23 Significant pathways were selected using Fisher’s exact test, with p-values and FDR serving as 
thresholds for significance. Particular attention was given to osteoimmunology-relevant pathways.24

Quantitative Real-Time Reverse Transcription Polymerase Chain Reaction (qRT–PCR)
Type 2 diabetes mellitus (T2DM) was induced in C57BL/6J mice by feeding a high-fat diet (HFD, D12492, Research 
Diets; 60% kcal from fat) for 8 weeks, followed by a single low-dose intraperitoneal injection of streptozotocin (STZ, 
100 mg/kg, Sigma). This HFD+STZ combination model is widely used to mimic the pathophysiology of T2DM, as HFD 
induces insulin resistance and low-dose STZ causes partial β-cell dysfunction. Successful induction of T2DM was 
confirmed by measuring fasting blood glucose levels (>11.1 mmol/L), impaired glucose tolerance tests (GTT), and 
increased body weight compared with WT controls. Control mice received a standard chow diet. Bone marrow samples 
from three mice per group, were harvested from the femur and tibia for s qRT–PCR. Although a formal power analysis 
was not conducted prior to sample collection due to the high cost and complexity of scRNA-seq, we acknowledge this as 
a limitation and note that future studies with larger cohorts will be needed to further validate these findings. We 
acknowledge that the small sample size limits statistical power, and STZ-induced diabetes may have cytotoxic effects 
independent of hyperglycemia; complementary models such as db/db or diet-induced T2D will be needed in future 
studies. For validation experiments, key genes, including FOSB, RELB, IL1B, MAP3K7, PPP3R1, TNF, TGFBR2, and 
SOCS3, were selected for qRT-PCR analysis using RNA extracted from the bone marrow of diabetic (DM) and control 
(WT) groups. Purified DNA-free RNA was isolated using the RNeasy Mini Kit, reverse transcribed using the One Step 
PrimeScript® miRNA cDNA Synthesis Kit (Takara, Japan, D350A), and amplified using the SYBR® Premix Ex Taq™ II 
Kit (Takara, Japan, DRR820A), following the manufacturer’s instructions. Gene expression levels were calculated using 
the ΔΔCT method after normalization to the expression of the GAPDH housekeeping gene. Primer sequences used for 
qRT-PCR are provided in Supplementary Table 1. Each reaction was performed in triplicate technical replicates for each 
of the three biological samples per group. Melt curve analysis was conducted to confirm amplification specificity.

Statistical Analysis
All statistical analyses and data visualizations were conducted using R software (version 4.3.3). GraphPad Prism 
software (version 8.1.0; GraphPad Software Inc., USA) was used to perform statistical analyses and generate graphs.25 

One-way analysis of variance (ANOVA) was applied to compare gene expression levels and inflammatory factor 
concentrations. For comparisons between two groups, unpaired two-tailed Student’s t-tests were used. For multiple 
group comparisons, one-way ANOVA followed by Tukey’s post hoc test was applied. Proportional changes were 
assessed with chi-square tests. Results were presented as means ± standard errors (SEM), and a p-value of less than 
0.05 was considered statistically significant.

Results
Profiles of Bone Marrow Cells in WT and T2D Mice
The high-throughput scRNA-seq data were downloaded under accession number GSE212726. In total, 10,420 cells from WT 
mice and 11,577 cells from T2D mice were collected. After filtering low-quality cells and duplicates, 9,360 cells from WT and 
10,885 cells from T2D mice were retained for analysis (Figure 1A). Unbiased clustering identified 12 distinct cell populations: 
monocytes (primarily expressing Ass1, Trem2, and Lgals1), basophils (primarily expressing Prss34, Mcpt8, and Gata2), BM- 

https://doi.org/10.2147/JIR.S544316                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2025:18 15312

Han et al                                                                                                                                                                             

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

http://www.ncbi.nlm.nih.gov/
http://www.uniprot.org/
http://www.geneontology.org/
https://www.dovepress.com/article/supplementary_file/544316/544316%20Revised%20Supplementary%20Table%201.docx


Figure 1 Single-cell RNA sequencing provide a comprehensive atlas of bone marrow cells in WT and T2D mice. (A) Study overview. (B-C) Clustering of bone marrow cells 
into twelve distinct clusters. (B) UMAP of unbiased clustering of all bone marrow cells in groups WT and DM; (C) UMAP of unbiased clustering and cell annotation of bone 
marrow cells in group WT and DM, respectively. (D) The proportions of each cell in groups WT and DM;*:p < 0.05. (E) Key cell type marker genes of 12 cell clusters, the 
redder the color, the higher the expression. (F) Cluster signature genes highlighted on left. Expression of top differentially expressed genes (rows) across the cells (columns), 
the warmer the color, the higher the expression.
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neutrophils (primarily expressing Orm1, Ffar2, and Pla2g7), T lymphocytes (T cells, primarily expressing Cd3e, Icos, and 
Cd5), B lymphocytes (B cells, primarily expressing Cd79a, Iglc2, and Ms4a1), stem cells (primarily expressing Myl10, 
Pdzk1ip1, and Krt18), mesenchymal stem cells (MSCs, primarily expressing Hist1h1d and Top2a), hematopoietic stem cells 
(HSCs, primarily expressing Pdk4, Apoe, and Tgm2), neutrophil-myeloid progenitors (NMP, primarily expressing Mpo, 
Elane, and Gstm1), dendritic cells (DCs, primarily expressing Siglech, Bst2, and Irf8), NK cells (primarily expressing Klra8, 
Ncr1, and Adamts14), and erythrocytes (primarily expressing Hba-a2) (Figure 1B–F).

Cell proportion analysis revealed significant differences between WT and T2D mice. B cells (9.16% → 19.78%), 
MSCs (2.50% → 4.80%), monocytes (3.72% → 4.92%), and HSCs (1.36% → 4.00%) increased, while BM-neutrophils 
(66.56% → 54.73%), DCs (3.25% → 1.71%), basophils (1.68% → 0.89%), T cells (2.08% → 1.37%), and NMPs (6.94% 
→ 5.82%) decreased. Stem cells, erythrocytes, and NK cells exhibited slight decreases. The top increases and decreases 
were observed in B cells and BM-neutrophils, respectively (Figure 1D).

Heterogeneity of BM-Neutrophils in the Bone Marrow of T2D Mice
M-neutrophils exhibited the largest proportional reduction. Six subsets were identified: BM-neutrophil_0 (primarily 
expressing Mpo, Elane, and Gstm1), BM-neutrophil_1 (primarily expressing Slfn5, Mpeg1, and Wfdc17), BM-neutrophil 
_2 (primarily expressing Retnlg, Ceacam10, and Mmp9), BM-neutrophil_3 (primarily expressing Orm1, Tmem216, and 
Zmpste24), BM-neutrophil_4 (primarily expressing Chit1, Fcnb, and Mogat2), and BM-neutrophil_5 (primarily expres
sing Clec4d, Vnn3, and Cstdc4) (Figure 2A–D).

Figure 2 The characteristics of BM-neutrophils between groups WT and DM. (A) The tSNE results of BM-neutrophil cluster among all cells. (B) UMAP of BM-neutrophil cluster 
among all cells and six BM-neutrophil subsets, and UMAP of unbiased clustering and cell annotation of BM-neutrophil subsets in groups WT and DM. (C) The proportion of BM- 
neutrophil subsets in groups WT and DM;*:p < 0.05. (D) Key marker genes of BM-neutrophil subsets. UMAP of key marker genes of BM-neutrophil subsets, along with the 
corresponding distribution of expression levels among 12 clusters and 6 BM-neutrophil subsets respectively. Key marker genes included Mpo, Slfn5, Retnlg, Orm1, Chit1 and Clec4d.
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Proportional changes were as follows: BM-neutrophil_0 (50.19% → 39.72%), BM-neutrophil_1 (13.21% → 
23.87%), BM-neutrophil_2 (15.47% → 11.01%), BM-neutrophil_3 (11.06% → 13.95%), BM-neutrophil_4 (5.75% → 
5.64%), BM-neutrophil_5 (4.32% → 5.81%). Statistical significance was assessed with chi-square tests (p < 0.05 for all 
major changes) (Figure 2C).

Among the DEGs across the six neutrophil subsets, Arfgef1, Mrpl15, Ppplr42, Rblcc1, Rpl7, Sgk3, Tcea1, and Tram1 
exhibited the most significant changes in expression levels. MPO, a heme protein crucial for neutrophil azurophilic 
granules,26 was predominantly expressed in BM-neutrophil_0. Slfn5, a Schlafen family protein induced by interferon,27 

was mainly expressed in BM-neutrophil_1 and BM-neutrophil_0. Retnlg, also known as resistin-like gamma,28 was 
expressed in BM-neutrophil_2 and BM-neutrophil_5. Orm1, an acute phase plasma protein,29 was primarily found in 
BM-neutrophil_3 and BM-neutrophil_4. Chit1, a conserved chitinase secreted by activated macrophages,30 was mainly 
expressed in BM-neutrophil_4. Clec4d, a receptor for trehalose-6,6’-dimycolate,31 was expressed in both BM-neutrophil 
_2 and BM-neutrophil_5 (Figure 2D).

Differential directions and Monocle pseudotime trajectory expression pattern of 6 BM-neutrophil subsets were 
presented with a Heatmap presenting relative expressions of markers of BM-neutrophils along inferred trajectories in 
6 BM-neutrophil subsets (Figure 3A and B).

Pseudotime analysis revealed two differentiation trajectories originating from BM-neutrophil_0. DEGs in trajectory 1 
(Gm15818, Adhfe1, Arfgef1, Terf1, Rb1cc1, Mcmdc2, Sgk3) were associated with apoptosis regulation, hypoxia response, 
and cellular stress. Trajectory 2 DEGs (Tcf24, Rdh10, Lypla1, Cops5, Cspp1, Mybl1, Ncoa2, Snhg6, Vcpip1, Lactb2) 
suggest functional diversification. GO and KEGG enrichment showed upregulation in protein processing, oxidative 
phosphorylation, TNF signaling, osteoclast differentiation, IL-17 signaling, and lipid metabolism. Pathways labeled as 
“neurodegeneration” and “ALS” likely reflect shared stress and apoptosis mechanisms relevant to BM dysfunction in T2D 
(Figure 3C–H). Because BM-neutrophil_0 constituted the largest proportion of cells in group DM, we performed GO 
enrichment and KEGG pathway analyses on the upregulated DEGs identified in the BM-neutrophil_0 cluster, which 
indicated that the DEGs in BM-neutrophil_0 were primarily associated with the negative regulation of apoptotic processes, 
negative regulation of neuron apoptosis, and responses to hypoxia. The most common cellular components were the 
cytoplasm, extracellular region, and plasma membrane, while protein binding, identical protein binding, and hydrolase 
activity were the predominant molecular functions (Figure 3G). KEGG pathway analysis identified several highly enriched 
pathways among the DEGs, including neurodegeneration-related diseases, protein processing in the endoplasmic reticulum, 
amyotrophic lateral sclerosis, lipid and atherosclerosis, diabetic cardiomyopathy, NOD-like receptor signaling, oxidative 
phosphorylation, osteoclast differentiation, TNF signaling, Fc gamma R-mediated phagocytosis, and IL-17 signaling 
(Figure 3H). The top five upregulated DEGs were Vcan, Pla2g7, lghg2b, Gm43305, and Cfh, while the top five down
regulated DEGs were Prg2, Gata2, TRbc1, Cox6a2, and Lpl (Figure 3I and J).

Heterogeneity of B Cells
B cells were classified into precursor B cells (Pre_B, primarily expressing Ly6a, Cxcr5, and Ccr6) and naïve B cells 
(Naïve_B), primarily express IL2ra, Cd72, and Fam129c) (Figure 4A–D). Naïve_B increased from 64.29% to 82.03%, 
while Pre_B decreased from 35.71% to 17.97% (Figure 4C, p < 0.01). KEGG analysis revealed enrichment in antigen 
processing, insulin resistance, lipid metabolism, and NOD-like receptor signaling, reflecting functional alterations in 
immune regulation in T2D (Figure 4E and F). GO enrichment and KEGG pathway analyses were conducted for the 
upregulated DEGs in B cells, which revealed that the DEGs were predominantly associated with immune system 
processes, negative regulation of transcription by RNA polymerase II, and innate immune responses. The most common 
cellular components were the cytoplasm, nucleus, and cytosol, while the major molecular functions included protein 
binding, identical protein binding, and hydrolase activity (Figure 4E). KEGG pathway analysis identified several 
enriched pathways, including protein processing in the endoplasmic reticulum, lipid and atherosclerosis, antigen proces
sing and presentation, estrogen signaling, NOD-like receptor signaling, measles, insulin resistance, and cholesterol 
metabolism (Figure 4F). The top five upregulated genes were Ddit4, Hist1h1b, Ighg2b, Ifi27l2a, and Cfh, while the 
top five downregulated genes were Ccl3, Klf4, Scd2, Hes1, and Lpl (Figure 4G and H).
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Figure 3 Differential trajectory of BM-neutrophil subsets and enrichment of DEGs. (A-D) Differential directions of 6 BM-neutrophil subsets: (A) Heatmap presenting relative 
expressions of markers of BM-neutrophils along inferred trajectories in 6 BM-neutrophil subsets. The red and blue branches correspond to the two differential directions. (B) 
Monocle pseudotime trajectory expression pattern of 6 BM-neutrophil subsets. (C) Pseudotime trajectories of the BM-neutrophil subsets. (D) The heatmap of branch point 1 
shown in Figure 3C. (E) The top 8 key DEGs in these two cell fate. (F) Signature genes of BM-neutrophil subsets. Subset signature genes highlighted on left. Expression of signature 
genes (rows) across the cells (columns), the warmer the color, the higher the expression. (G) GO analysis of BM-neutrophil_1. Bubble diagram of upregulated DEGs of BM- 
neutrophil_1 enriched in GO analysis. (H) KEGG analysis of BMneutrophil_1. Bubble diagram of upregulated DEGs of BM-neutrophil_1 enriched in KEGG analysis. (I-J) The top 5 
DEGs of BM-neutrophils. The top 5 upregulated DEGs between groups WT and DM (I). The top 5 downregulated DEGs between groups WT and DM (J).
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Figure 4 The characteristics of B cells between groups WT and DM. (A) The tSNE results of B cells cluster among all cells. (B) UMAP of the cluster of B cells among all 
cells, and UMAP of unbiased clustering and cell annotation of the subsets of B cells in groups WT and DM. (C) The proportion of the subsets of B cells in groups WT and 
DM. (D) Key marker genes of B cells subsets. UMAP of key marker genes of the subsets of B cells, along with the corresponding distribution of expression levels among 12 
clusters. Key marker genes included Ly6a, Cxcr5, Il2ra, and Fam129c. (E) GO analysis of Naïve_B. Bubble diagram of upregulated DEGs of Naïve_B enriched in GO analysis. 
(F) KEGG analysis of Naïve_B. Bubble diagram of upregulated DEGs of Naïve_B enriched in KEGG analysis. (G-H) The top 5 DEGs of B cells. The top 5 upregulated DEGs 
between groups WT and DM (G). The top 5 downregulated DEGs between groups WT and DM (H).
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Heterogeneity of Monocytes, T Cells, and DCs
Monocytes were subdivided into five subsets: monocyte_0 (primarily expressing Tprgl, S100a9, and S100a8), mono
cyte_1 (primarily expressing Ccnd1, Irf8, and Cst3), monocyte_2 (primarily expressing Apoc2, Mafb, and Ccr2), 
monocyte_3 (primarily expressing mt-Nd2, Mki67, and Zeb2), and monocyte_4 (primarily expressing Gpi1, Srgn, and 
Cd63) (Figure 5A–C). Monocytes (monocyte_0–4) showed shifts: monocyte_0 and monocyte_4 decreased, while 
monocyte_2 and monocyte_3 increased (Figure 5B). T cells were categorized into four subsets: γδ T cells (Tgd), 
primarily expressing Cd3e, Cd3d, and Thy1; natural killer cells (NK), primarily expressing Ncr1, Gzma, and Klra8; 
naïve T cells (T), primarily expressing Cd19, Plaur, and Cd74; and CD4+ T cells (CD4 T), primarily expressing Cd4, 
Foxp3, and Nrpl (Figure 5D–F). Proportional changes revealed that Tgd and naïve T cells decreased, and CD4+ T and 
NK cells increased (Figure 5E). DCs were classified into conventional DCs (cDC), primarily expressing Fcgr1, Ifi205, 
and Naaa; plasmacytoid DCs (pDC), primarily expressing Ccr9, Cox6a2, and Tlr7; and another DC subset, primarily 
expressing Clec9a, Sox4, and Calm. pDCs decreased while cDCs and the other subset slightly increased (Figure 5G–I).

Figure 5 The characteristics of monocytes, T cells and DCs between groups WT and DM. (A) Five monocyte subsets: UMAP of unbiased clustering and cell annotation of 
the subsets of monocytes in groups WT and DM, and UMAP of unbiased clustering of the subsets of monocytes in groups WT and DM. (B) The proportion of the subsets of 
monocytes in groups WT and DM. (C) Signature genes of monocyte subsets. Subset signature genes highlighted on left. Expression of signature genes (rows) across the cells 
(columns), the warmer the color, the higher the expression. (D) Four T cells subsets: UMAP of unbiased clustering and cell annotation of the subsets of T lymphocytes in 
groups WT and DM, and UMAP of unbiased clustering of the subsets of T lymphocytes in groups WT and DM. (E) The proportion of the subsets of T cells in groups WT and 
DM. (F) Signature genes of T cells subsets. Subset signature genes highlighted on left. Expression of signature genes (rows) across the cells (columns), the warmer the color, 
the higher the expression. (G) Four dendritic cell subsets: UMAP of unbiased clustering and cell annotation of the subsets of DCs in groups WT and DM, and UMAP of 
unbiased clustering of the subsets of DCs in groups WT and DM. (H) The proportion of the subsets of DCs in groups WT and DM. (I) Signature genes of dendritic cell 
subsets. Subset signature genes highlighted on left. Expression of signature genes (rows) across the cells (columns), the warmer the color, the higher the expression.
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Ratios of Immune Cells
We explored whether alterations in the ratios of immune cells within the bone marrow of WT and T2D mice. DM/WT 
ratios highlighted immune imbalances: monocytes/DCs ratio was highest, with BM-neutrophils/T cells and BM- 
neutrophils/DCs ratios increased, and BM-neutrophils/Naïve_B decreased (Figure 6A and B).

Figure 6 Identification of the ratio of immune cells between groups WT and DM. (A) The ratio of different immune cells. The ratio of BM-neutrophils/T cells, BM- 
neutrophils/B cells, BM-neutrophils/DCs, BM-neutrophils/monocytes, monocytes/T cells, monocytes/B cells, monocytes/DCs, BM-neutrophil_1/Naïve_B in groups WT and 
DM. (B) The rate of DB/WT among different immune cells. The RD/RC of BM-neutrophils/T cells, BM-neutrophils/B cells, BMneutrophils/DCs, BM-neutrophils/monocytes, 
monocytes/T cells, monocytes/B cells, monocytes/DCs, and BM-neutrophil_1/Naïve_B.
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Cell-to-Cell Communication Analysis in the Bone Marrow of T2D Mice
To investigate the osteoimmune microenvironment in T2D mice, we conducted a cell-to-cell communication analysis 
using CellphoneDB. This analysis assessed interactions among various cell types in both WT and DM samples. Gaining 
insights into these cellular interactions will help clarify the underlying mechanisms of bone pathology and reveal 
potential targets for therapeutic intervention in T2D-associated bone loss. Figure 7A illustrates the differential number 

Figure 7 Cell-to-cell communication analysis using CellphoneDB to evaluate interactions between cell types in the WT and DM samples. (A) Differential number and 
strength of interactions between cell types in group DM and WT samples, with red indicating up-regulated and blue indicating down-regulated interactions. (B) Changes in 
cell roles: incoming and outgoing interaction strengths of immune cells. (C) Differences in signaling pathways of all cell types between WT and DM groups. (D) Differences in 
signaling pathways of T cells, monocytes, MSCs, and BM-Neutrophil between WT and DM groups. (E-F) Altered incoming (E) and outgoing (F) signaling patterns of immune 
cells in the WT and DM groups, respectively.(G) Changes ligand-receptor relationships between T cells and other immune cells in the DM group.((H) Changes in ligand- 
receptor relationships between BM-neutrophils and other immune cells in the DM group. (I-J) Relative expression of genes associated with the LCK and THBS signaling 
pathways cross all cell types in WT and DM groups.
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and strength of interactions. CellphoneDB analysis revealed altered interaction strengths in T2D: incoming signals 
increased in BM-neutrophils, monocytes, MSCs, and decreased in B and T cells; outgoing signals increased in BM- 
neutrophils and basophils, decreased in T cells (Figure 7B and C indicates that differences in signaling pathways of all 
cell types between WT and DM groups.

Next, we examined differences in signaling pathways between WT and DM groups. Top enriched pathways in DM 
were THBS, VISFATIN, CLEC, IL4, IL6, whereas the top enriched pathways in the WT group were LCK, IFN-II, CD6, 
ALCAM, and CD86. Key ligand-receptor pairs included Thbs1–Cd47 (THBS pathway) and Clec4d–Fcgr2b (CLEC 
pathway), providing mechanistic insights into immune cell interactions in T2D (Figure 7D–H).

Specifically, Figure 7D indicates that CLEC was a specific outgoing signaling pathway for T cells in the DM group, 
while THBS was both an outgoing and incoming specific signaling pathway for monocytes, MSCs, and BM-neutrophils 
in the DM group. Figure 7E and F depicts the altered incoming and outgoing signaling patterns of immune cells in the 
WT and DM groups, respectively. To examine the ligand-receptor interactions among immune cells, we focused on the 
relationships between T cells and various other immune cell types. Our analysis revealed notable communication between 
T cells and Ccl5-Ccr1, confirming the molecular targets and bidirectional communication potential of T cells with other 
immune cells in the DM group (Figure 7G). Figure 7G also shows the changes in signaling involving ligand-receptor 
relationships between T cells and other immune cells in the DM group. Figure 7H illustrates the changes in signaling 
involving ligand-receptor relationships between BM-neutrophils and other immune cells in the DM group. Finally, 
Figures 7I and J present the relative expression of genes associated with the LCK and THBS signaling pathways in all 
cell types between the WT and DM groups.

Gene Expressions Validation by qRT-PCR Analysis
To validate gene expression patterns, quantitative real-time PCR (qRT-PCR) analysis was performed. The results 
demonstrated significantly reduced relative expression of FOSB, RELB, IL1B, MAP3K7, PPP3R1, TNF, TGFBR2, 
and SOCS3 in T2D bone marrow (Figure 8), consistent with scRNA-seq results, indicating strong concordance between 
the two methods.

Discussion
The advent of scRNA-seq has transformed our understanding of cellular heterogeneity and the complex molecular 
mechanisms underlying T2DM. By enabling the analysis of individual cells within heterogeneous tissues, scRNA-seq 
provides a high-resolution view of the cellular and molecular landscape, allowing us to dissect complex immune and 
stromal interactions within the bone marrow (BM). Our study leverages this technology to analyze BM cells from STZ- 
induced T2D mice, revealing significant alterations in immune cellular composition, subset functionality, and 

Figure 8 qRT-PCR Analysis of the expression levels of key genes in bone marrow of T2D mice and control samples.
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intercellular communication. These findings offer valuable insights into how immune remodeling contributes to systemic 
inflammation, insulin resistance, and bone pathology in T2DM.

In total, twelve distinct cell clusters were identified within the BM, including monocytes, basophils, BM-neutrophils, 
T cells, B cells, stem cells, MSCs, HSCs, NMP, DCs, NK cells, and erythrocytes. When comparing T2D mice to wild- 
type controls, significant compositional changes were observed. Notably, T2D mice exhibited a substantial increase in 
B lymphocytes and MSCs, along with a decrease in BM-neutrophils and DCs, consistent with broad dysregulation of 
hematopoietic and immune cell populations in diabetes. These shifts may influence systemic inflammation, bone 
remodeling, and metabolic homeostasis, emphasizing the interconnected nature of immune dysfunction and bone 
pathology. Since immune cells in the BM are closely linked to both systemic inflammation and skeletal remodeling, 
these compositional changes may have profound implications for metabolic homeostasis and osteoimmune balance.32–34

Among the most striking findings was the pronounced decrease in BM-neutrophils, dropping from 66.56% in WT to 
54.73% in T2D mice, which suggests altered neutrophil maturation or reprogramming. Neutrophils are central players in 
innate immunity, contributing to pathogen clearance, inflammation resolution, and bone remodeling via cross-talk with 
osteoclasts and osteoblasts. Their reduction in T2D may reflect impaired maturation or altered trafficking, consistent with 
prior studies linking neutrophil dysfunction to increased infection susceptibility and chronic inflammation in diabetes.35–38 

This dysfunction may also contribute to systemic insulin resistance. Dysregulated pathways such as CXCL12/CXCR3 could 
underlie aberrant neutrophil migration within BM, further impairing osteoimmune signaling. Although our computational 
analyses point to such mechanisms, functional assays—including NETosis, phagocytosis, or migration studies—will be 
essential to validate these predictions and clarify how neutrophil dysfunction contributes to bone pathology.

Conversely, B cells exhibited a notable increase in proportion, from 9.16% in WT to 19.78% in T2D mice, 
particularly within the Naïve_B subset. This expansion highlights adaptive immune activation in response to chronic 
metabolic stress. Activated B cells are known to produce pro-inflammatory cytokines and pathogenic antibodies, which 
can exacerbate insulin resistance and contribute to systemic inflammation. Previous studies revealed that B cells 
modulate immune responses and influence insulin resistance through antibody-mediated pathways and cytokine produc
tion, and their dysregulation has been associated with T2D complications, including cardiovascular disease and systemic 
inflammation.39–42 The observed shift from Pre_B to mature B cell populations may reflect compensatory responses to 
T2D-induced chronic inflammation and metabolic stress that may exacerbate inflammatory signaling and systemic 
metabolic dysfunction.43,44 These findings underscore the need to consider B cells as active contributors to T2D 
pathophysiology. Future studies could explore therapeutic targeting of B cell-derived cytokines, such as CCL4 and 
CCL5, to mitigate systemic inflammation.

Monocyte and T cell subsets exhibited significant alterations. Reductions in monocyte_0 and monocyte_4, coupled with 
increases in monocyte_2 and monocyte_3, suggest altered monocyte-mediated inflammation, likely contributing to chronic low- 
grade inflammation and insulin resistance. Prior studies have reported Cd36+ monocytes with diminished osteoclast potential in 
diabetic bone marrow, highlighting the importance of subset-level analyses for linking immune dysregulation to bone remodel
ing. Our data extend these findings, by providing subset-level resolution of T2D-specific monocyte alterations.45–52 Similarly, 
T cell analysis revealed a decrease in γδ T cells and an increase in CD4+ T cells, particularly Th1 and Th17 subsets. While γδ 
T cells contribute to tissue homeostasis and immune surveillance, Th1/Th17 cells drive chronic inflammation and exacerbate 
metabolic dysregulation.53–57 These results collectively suggest that T2D reshapes both innate and adaptive immune compart
ments, thereby directly influencing osteoimmune dynamics and bone remodeling capacity.

In addition, we observed a significant reduction in DCs, particularly plasmacytoid DCs (pDCs). Since pDCs are 
crucial for type I interferon responses and immune surveillance, their depletion could exacerbate chronic inflammation 
and impair host defense in T2D.58–63 From an osteoimmunology perspective, DC–B cell crosstalk and DC-mediated 
regulation of osteoclastogenesis are key determinants of bone homeostasis. Their loss may therefore contribute to T2D- 
associated bone remodeling defects. Functional assays such as flow cytometry or in vitro osteoclastogenesis studies will 
be needed to confirm these transcriptomic observations.

Intercellular communication analysis using CellPhoneDB further highlighted T2D-specific signaling pathways, 
including THBS, CLEC, and IL-6. These interactions reinforce pro-inflammatory crosstalk between BM-neutrophils, 
monocytes, and MSCs, creating a feed-forward loop of immune activation. THBS signaling has known crosstalk with 
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TGF-β, which regulates osteoblast-osteoclast balance, linking immune dysregulation to altered bone metabolism in T2D. 
CLEC signaling was enriched in T cells, while THBS was prominent in monocytes, MSCs, and BM-neutrophils, 
supporting the notion of immune-mediated modulation of bone remodeling. Together, these cellular and molecular 
changes illustrate a network of immune dysregulation in the bone marrow that can drive systemic metabolic disturbances 
and bone remodeling defects in T2D.64 KEGG pathway enrichment revealed terms such as “neurodegeneration” and 
“amyotrophic lateral sclerosis”. While these may appear unrelated to BM, they likely reflect shared inflammatory 
mechanisms—including oxidative stress, mitochondrial dysfunction, and apoptosis—common to both neurodegenerative 
disorders and diabetic BM immune cells. We have prioritized pathways with established osteoimmunology relevance 
(RANKL/OPG, IL-17, TNF) while noting that neurodegeneration-associated enrichments indicate overlapping inflam
matory processes. Our enrichment analyses of signaling pathways related to osteoclast differentiation and inflammation, 
such as TNF and IL-17 pathways, highlight the role of immune cell interactions in bone pathology and metabolic 
disorders.65–67 Notably, Mac_OLR1 macrophages, known to support osteoclastogenesis, and Neut_RSAD2 neutrophils, 
which may impair osteoclast activity under diabetic stress, were transcriptionally linked to pathways such as AP-1 and 
FoxM1, bridging immune remodeling with T2D-specific skeletal phenotypes.13,68 Previous osteoimmunology studies 
have shown that Mac_OLR1 macrophages promote osteoclast differentiation through RANKL and cytokine signaling, 
directly enhancing bone resorption.69 Similarly, Neut_RSAD2 neutrophils can release reactive oxygen species and pro- 
inflammatory mediators that modulate osteoblast activity, potentially inhibiting bone formation.69 These results 
strengthen the hypothesis that altered immune–bone signaling underlies diabetic skeletal pathology. However, functional 
perturbation studies—such as blocking antibodies or ligand–receptor inhibition—are needed to establish causal effects. 
Integration with spatial transcriptomics would also help clarify the anatomical context of these altered interactions.

Comparison with other diabetic contexts provides further perspective. In T1D models, neutrophil expansion and 
B cell reduction are often observed, whereas T2D mice displayed the opposite trend, suggesting divergent immunometa
bolic adaptations. This underscores the necessity of disease-specific studies to understand immune-bone crosstalk in 
diabetes.19,70,71 This underscores the importance of disease-specific investigations of osteoimmune regulation. 
Importantly, the STZ-induced T2D model employed here reflects β-cell injury, which may not fully capture the 
complexity of human T2D. Incorporating db/db or diet-induced models, alongside human scRNA-seq datasets, would 
enhance translational relevance and help identify conserved versus model-specific immune alterations.

Relative to previous scRNA-seq studies16,17 that broadly characterized myeloid and lymphoid compartments, our 
analysis provides deeper resolution of subset-specific changes and reveals novel ligand–receptor pathways underlying 
osteoimmune dysfunction in T2D. These findings advance our understanding of the BM microenvironment in diabetes 
and generate new hypotheses for targeted therapeutic intervention.

Although our results derive from an STZ-induced T2D mouse model, emerging human scRNA-seq data suggest 
parallels in immune dysregulation, including alterations in Naïve_B and monocyte subsets. Integrating human data, along 
with spatial transcriptomics, could map immune–stromal interactions with greater precision. Longitudinal studies across 
disease progression will be crucial for establishing causal relationships between immune remodeling and bone deteriora
tion. These steps are essential for translating experimental observations into clinically meaningful therapies.

Several limitations warrant consideration. First, this study relied on a single publicly available dataset (GSE212726) 
with a small sample size (n=3/group), limiting statistical power and generalizability. Replication in larger and indepen
dent cohorts will be essential to confirm the reproducibility. Second, the STZ-induced diabetes model does not fully 
recapitulate the polygenic, obesity-associated, and insulin resistance–dominated pathophysiology of human T2DM, and 
STZ itself may exert off-target cytotoxic effects on bone marrow cells. Complementary models such as db/db or diet- 
induced T2D mice should be incorporated to enhance translational relevance. Third, this study relied solely on 
transcriptomic data without protein-level or functional validation. Gene expression changes may not directly reflect 
biological activity, and ligand–receptor interactions were inferred computationally rather than experimentally verified. 
Future validation through approaches such as flow cytometry, cytokine profiling, and in vitro functional assays will be 
essential. Similarly, ligand–receptor predictions were based on computational inference rather than experimental ver
ification. Fourth, the analysis was restricted to a single time point (7 months), limiting insight into disease progression. 
Since immune remodeling in T2D is dynamic, longitudinal profiling would provide deeper understanding of temporal 
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immune and metabolic changes. Finally, the study did not integrate multi-omics approaches. Combining scRNA-seq with 
single-cell ATAC-seq, proteomics, or spatial transcriptomics could better capture transcriptional regulation, protein 
activity, and the spatial organization of immune–stromal interactions. Future work should integrate multiple datasets, 
complementary omics platforms, and longitudinal sampling to strengthen robustness.

Future studies could extend our findings by performing functional validation of key immune cell subsets and 
signaling pathways identified in T2D bone marrow. For example, in vivo or ex vivo experiments could assess the role 
of BM-neutrophil_0 and Naïve_B subsets in modulating systemic inflammation and insulin resistance. Targeted depletion 
or adoptive transfer experiments may clarify their causal contribution to metabolic dysfunction. Additionally, blocking or 
enhancing specific ligand-receptor interactions, such as THBS, CLEC, or IL-6 pathways, could reveal their functional 
impact on intercellular communication and bone remodeling. Longitudinal studies in T2D mouse models would also help 
determine how immune cell dynamics evolve over disease progression and influence bone health. Finally, integrating 
proteomic or metabolomic analyses could provide mechanistic insights into how altered signaling pathways contribute to 
chronic inflammation and metabolic dysregulation in T2D.

Conclusion
The present study, utilizing single-cell RNA sequencing (scRNA-seq), provides comprehensive insights into immune 
landscape alterations in the bone marrow of a T2DM mouse model. This approach has revealed significant changes in 
B cells, monocytes, T cells, and dendritic cells, along with altered intercellular signaling pathways, revealing nuanced 
T2D-specific reprogramming of the bone marrow immune microenvironment. These alterations are likely to influence 
osteoimmune interactions, affecting osteoclast and osteoblast activity, and thereby contributing to bone remodeling 
defects alongside systemic inflammation and insulin resistance. While these findings deepen our understanding of 
immune-mediated mechanisms in diabetic bone pathology, we acknowledge that mouse models may not fully replicate 
human T2DM pathology. Future studies should incorporate orthogonal datasets, human validation, longitudinal sampling, 
functional assays, and spatial transcriptomics to confirm these findings and enhance translational relevance.
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