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ferent stages of cells, and that the specific genes of 
each subgroup respond to the molecular mechanisms 
of cell development. This data will likely be of great 
help in resolving diseases of the skeletal system.

Introduction
Bone loss occurs more rapidly and tends to be more 

severe in older people; however, how aging affects bone 
loss and bone replacement is still not completely clear 
(Clarke and Khosla, 2010). A better understanding of 
intrinsic age-related changes in human bone cells may 
offer new approaches to mitigate or avoid bone loss. 
Bone marrow mesenchymal stem cells or bone marrow 
stromal cells (MSCs) have been shown to be precursors 
of several cell lineages, including osteoblasts, chondro-
cytes, myoblasts, adipocytes, and fibroblasts (Lin et al., 
2019; Wolock et al., 2019). Research on the mechanism 
of osteogenesis and bone differentiation of MSCs at the 
single-cell level has attracted increasing attention. The 
single-cell RNA sequencing (scRNA-seq) data of this 
project were derived from bone marrow mesenchymal 
cells of mice of different ages (Zhong, 2020). Based on 
scRNA-seq data, the molecular information on osteo-
blast differentiation was mined, with the aim of better 
understanding the osteogenesis process.

In this study, we classified the types of cells derived 
from the mouse bone marrow and identified cell clusters 
with osteoblast characteristics. The key regulatory genes 
and signal pathways in these cell populations were iden-
tified by single-cell transcriptome analysis, and pseudo-
time analysis was used to investigate the interactions 
and reciprocal regulation between key marker genes at 
different developmental stages. We also identified sev-
eral marker genes that play important roles in the regu-
lation of osteoblast development. These results will pro-

Abstract. Osteogenesis is an important process of 
bone metabolism, and abnormal osteogenesis leads 
to various skeletal system diseases. Osteoblasts, the 
main cells involved in bone formation, are central el-
ements in the study of bone metabolic diseases. 
Single-cell RNA sequencing is an important tool for 
studying the transcriptome of cells and can help to 
elucidate various cellular and molecular functions at 
the single-cell level, providing new avenues for life 
science research. Here we explore the heterogeneity 
of osteoblasts and try to reveal the developmental 
trajectory of osteoblasts, thereby contributing to ef-
forts to describe the mechanism of osteogenesis. In 
this study, single-cell sequencing data of murine 
bone marrow cells were used to identify osteoblasts. 
Finally, osteoblasts were divided into four groups, 
each differing in characteristic genes and signal path
ways. We also identify clues of the changes of some 
genes in the process of osteoclast formation, provid-
ing directions for further study. Collectively, our 
findings suggest that bone marrow osteoblasts can be 
divided into several subgroups, which represent dif-
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vide a new approach to clarify the regulatory mechanism 
of osteoblast differentiation.

Material and Methods

Single-cell RNA-seq dataset

The single-cell sequencing data of this study are de-
rived from the mouse bone marrow mesenchymal cell 
project (accession number: GSE145477), which in-
cludes batches of single-cell libraries for sequencing 1-, 
1.5-, 3-, and 16-month-old mice. Approximately 20,000 
cells were loaded to obtain a single library of approxi-
mately 10,000 cells for each age group by the chromium 
controller (V3 chemistry version, 10 × genomics Inc., 
San Francisco, CA).

Single-cell RNA-seq data processing and 
statistical analysis

The FASTQ files were transformed into Cell Ranger-
specific FASTQ files and processed individually with 
the reference mouse genome (mm10) as the reference 
genome. Doublets or cells with poor quality (genes 
> 6000, genes < 200, or > 10 % genes mapping to the 
mitochondrial genome) were excluded. All de‐duplicated 
UMIs were processed using quality control, preprocess-
ing, dimensionality reduction, and differential expres-
sion analysis. The results of unsupervised clustering were 
visualized using the t-SNE project with R (Seurat pack-
age version 3.0) (Stuart et al., 2019).

Identification of cluster cell types
To annotate cell clusters, we first identified the dif-

ferentially expressed genes in each cluster using the 
PanglaoDB (Franzen et al., 2019) and CellMarker 
(Zhang, 2019) databases. The cell clusters were then an-
notated according to curated known cell markers. Those 
cell clusters that consistently expressed the same cell 
marker were merged. In addition, the SingleR algorithm 
was used to assist in the validation of identified cell 
types. Spearman’s SingleR expressed per cell was cal-
culated between the expression profile of each spectrum 
of the reference sample, and a correlation analysis of the 
reference dataset only gene variation (variable genes) 
was performed.

Gene set variation analysis of osteoblasts
Gene set variation analysis (GSVA) is a non-paramet-

ric unsupervised analysis method, mainly used to evalu-
ate the result of gene set enrichment of the transcrip-
tome (Hänzelmann, 2013). By converting the expression 
matrix of genes between different samples into the ex-
pression matrix of gene sets, we can evaluate whether 
different pathways are enriched in different samples. 
The iconic gene set is downloaded from the publicly 
available molecular marker database. The signal path-
way activity of each cell was scored by the GSVA meth-
od following a standardized strategy. The path differ-

ence was calculated using the t-test for two groups, and 
P < 0.05 was considered significant.

Results

Overview of cell subsets identified by single-cell 
RNA sequencing in bone marrow mesenchymal 
cells

The number of qualified cells from 1-, 1.5-, 3-, and 
16-month-old mice were 7842, 5656, 4337, and 8657, 
respectively. Unsupervised cluster analysis was per-
formed on 26,510 cells by the graph clustering method 
in Seurat, and 13 cell clusters were obtained. Using the 
marker gene in PanglaoDB and CellMarker, we identi-
fied nine cell subtypes, including chondrocytes (n = 
3653), erythrocytes (n = 1257), B cells (n = 675), neu-
trophils (n = 4624), osteoblasts (n = 3699, with marker 
genes COL1A1, BGLAP, BGLAP2, and CAR3), fibro-
blasts (n = 10277), macrophages (n = 1223), endothelial 
cells (n = 691), and smooth muscle cells (n = 393) (Fig. 
1A, 1C, and 1D). By analysing highly expressed genes 
in each group, we found that COL1A1 and BGLAP were 
highly expressed in osteoblasts; Sox9 and COL2A1 are 
chondrocyte-specific highly expressed genes, and other 
cell-specific highly expressed genes are shown in the 
results (Fig. 1B, 1E and 1F).

Osteoblast heterogeneity based on single-cell 
RNA sequencing

Transcripts from osteoblasts (cluster 2 and cluster 12) 
were subsequently analysed, resulting in 3699 single-
cell transcriptomes that were analysed further. They were 
classified into four clusters (clusters 0–3) using t-dis-
tributed stochastic neighbourhood embedding (t-SNE) 
(Fig. 2A and 2B). We selected representative marker 
genes to identify each different cell type: for cluster 0, 
COL1A1, CTHRC1, COL11A2, BGLAP, and BGLAP2 
were highly expressed; for cluster 1, SPP1, SERPINE2, 
MMP13, S100A4, and TIMP1 were highly expressed; 
for cluster 2, LGF1, KCNK2 and COL8A1 were highly 
expressed (Fig. 2C). COL1A1, BGLAP and BGLAP2 
were highly expressed in both cluster 0 and cluster 3. 
PLPP1, PDPN, PHEX, PTPRZ1, and DMP1 were high-
ly expressed in cluster 3 (Fig. 2C). These unbiased anal-
yses revealed the diversity of osteoblast cells in the 
mouse bone marrow mesenchymal cells and reclassified 
the osteoblast cells into four distinct subsets.

Developmental pseudotime analysis of marker 
gene expression in osteoblasts

To reconstruct the developmental trajectory during 
differentiation, we performed pseudo-temporal ordering 
of cells (pseudotime) from our scRNA-seq data using 
Monocle 2 (Trapnell et al., 2014). In total, the pseudo-
time path has three branches, and the different cell clus-
ters can be arranged relatively clearly at different branch 
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Fig. 1. Clustering and identification of bone marrow mesenchymal cells 
(A) t-SNE map of bone marrow mesenchymal cell clusters derived from single-cell RNA sequencing. (B) The dot plot 
shows specific genes highly expressed in each cell type. (C–D) Characteristic gene expression map of osteoblasts. (E) 
Composition diagram of the sample source of identified bone marrow mesenchymal cell types. (F) Diagram of cell com-
position of different samples.
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sites of the pseudotime path (Fig. 3A). In general, the 
different developmental processes of osteoblast cells 
can be seen from cluster 2 to cluster 0 (Fig. 3B). Cluster 
1 is concentrated in an early branch in the pseudotime 
path, which is clearly distinct from other cell types. In 
principle, the profile of the distribution of different cell 
types along a developmental trajectory allows the initial 

determination of the relationship of these cells across 
developmental stages. We found that cluster 1 vs cluster 
2 and cluster 0 vs cluster 1 could not be clearly distin-
guished on the pseudotime path, indicating that the cel-
lular developmental stages of osteoblasts are more com-
plex. To investigate the pseudotime path of genes in 
each cluster, we performed heatmap analysis of all highly 

Fig. 2. Transcriptome characteristics of osteoblasts at the single-cell level 
(A-B) Cluster 2 and cluster 12 were identified as osteoblasts, which could be divided into four groups by cluster analysis. 
(C) Characteristic expressed genes in the four subsets of osteoblasts.
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Fig. 3. Pseudotime analysis in osteoblasts 
(A-C) Monocle pseudotime trajectory of osteoblasts between different samples. (D-E) Expression heatmap showing 
genes with the q values < 0.05; the pseudo-temporal patterns could be divided into two classes; the t-SNE map of gene 
expression is also displayed. (F) KEGG pathway enrichment analysis of the first group from pseudotime analysis in os-
teoblasts. (G) KEGG pathway enrichment analysis of the second group from pseudotime analysis in osteoblasts.
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expressed genes, for which the pseudo-temporal pat-
terns could be divided into two groups (Fig. 3D). In the 
first group, the expression of all marker genes gradually 
increased with the pseudotime analysis. In contrast, the 
expression of marker genes in group 2 was reduced at 
the end of the counter timing analysis axis. In the first 
group, marker genes were mainly from cluster 2 and in-
cluded FBLN5, APOE, COL8A1, CXCL12, EBF1, 
MMP13, and TNC, indicating that cluster 2 was at a 
more mature stage of development (Fig. 3D). KEGG 
analysis showed that the genes in the first group were 
mainly enriched in protein digestion and absorption: 
ECM receptor interaction, parathyroid hormone synthe-
sis, secretion and action, relaxin signalling pathway, 
sphingolipid metabolism, glycerolipid metabolism, fo-
cal adhesion, proteoglycans in cancer, PI3K Akt signal-
ling pathway, and human papillomavirus infection (Fig. 
3F). In the second group, marker genes were mainly from 
cluster 3, including PDPN, PLPP1, PHEX, RAMP1, 
PTPRZ1, and DMP1, indicating that cluster 3 is at an 
earlier developmental stage (Fig. 3D). KEGG analysis 

showed that the genes in the second group were mainly 
enriched in focal adhesion, PI3K Akt signalling path-
way, EGFR tyrosine kinase inhibitor resistance, ECM 
receptor interaction, microRNAs in cancer, ovarian ste-
roidogenesis, melanoma, human papillomavirus infec-
tion, glioma, and proteoglycans in cancer (Fig. 3G).

Pathway analysis of the genes enriched in 
differentially aged cells

To investigate the potential biological functions of 
genes for osteoblasts in the bone marrow of mice at dif-
ferent ages, we performed pathway enrichment analysis 
of genes from samples at four ages (Fig. 4). There were 
significant differences in the signalling pathways of the 
enriched genes identified in cell types at different ages. 
We found that the sample derived at one month was es-
pecially different from the other three months, and was 
highly enriched in signalling pathways including sphin-
golipid metabolism, mammalian circadian rhythm, gly-
cosphingolipid biosynthesis lacto and neolacto series, 

Fig. 4. Heatmap showing the difference in KEGG pathway activities scored by GSVA per cell between different mice. 
Red – high abundance, blue – low abundance. The colour scale is row (pathway) normalized.
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glycosylphosphatidylinositol GPI anchor biosynthesis, 
valine, leucine and isoleucine degradation, primary bile 
acid biosynthesis, hedgehog signalling pathway, and TGF 
beta signalling pathway, whereas these signalling path-
ways were mostly hypoactive in the 3- month and 
16-month samples. Signalling pathways such as prima-
ry immunodeficiency, intestinal immune network for 
IgA production, graft versus host disease, allograft re-
jection, autoimmune thyroid disease, DNA replication, 
base exclusion repair, and SNARE interactions in ve-
sicular transport were mostly highly active in the 3- and 
16-month samples, but were hypoactive in 1-month 
samples. These results give us the information for study-
ing the differentiation of osteoblasts and also imply that 
we must fully consider the influence of age of the ani-
mals on the experimental results in animal experiments.

Discussion
In this study, we analysed the heterogeneity of osteo-

blasts at the single-cell level in mice. Osteoblasts, as a 
group of cells that play an important role in bone me-
tabolism, undergo a dynamic process from early differ-
entiation to subsequent senescence (Dirckx et al., 2019). 
We screened osteoblasts from other cells in the bone 
marrow based on the marker genes COL1A1, BGLAP, 
BGLAP2, and CAR3 (Takarada et al., 2017; Yan, 2019; 
Deng et al., 2020; Wang et al., 2021). COL1A1, the gene 
encoding the pro-alpha1 chain of type I collagen, is 
highly expressed in cells of the bone, cornea, and dermis 
(Takarada et al., 2017). Mutations or other abnormali-
ties are associated with osteogenesis imperfecta, classi-
cal Ehlers-Danlos syndrome, Caffey disease, and idio-
pathic osteoporosis (Tanner et al., 2017). BGLAP, as 
well as BGLAP2, a highly abundant bone protein se-
creted by osteoblasts that regulates bone remodelling 
and energy metabolism, functions to bind to calcium 
and hydroxyapatite, the mineral components of the bone 
(Liu et al., 2020). CAR3 is highly expressed in osteo-
blasts and can catalyse the reversible hydration of car-
bon dioxide to bicarbonate, with the potential to affect 
mineralization and osteoclast function by regulating pH 
in the local environment (Staines et al., 2014). In this 
study, COL1A1, BGLAP, BGLAP2, and CAR3 were used 
as marker genes to identify two cell clusters as osteo-
blasts, or more strictly described, osteoblast-like cells, 
or cells in the process of transforming into osteoblasts.

We performed clustering analysis of the osteoblasts 
derived from mice at different ages and showed that 
they could be classified into four categories, with the 
highest number of cells in cluster 0: COL1A1, CTHRC1, 
COL11A2, BGLAP, and BGLAP2 were highly expressed 
in cluster 0, among which COL1A1, BGLAP and 
BGLAP2 were also highly expressed in cluster 3, but 
their expression was relatively lower in cluster 1 than in 
cluster 2. In cluster 3, PLPP1, PDPN, PHEX, PTPRZ1, 
and DMP1 were specifically and highly expressed. The 
results of the pseudotime analysis divided cells into two 
cell groups, where the expression of genes in the first 

cell group was gradually enhanced, while that of the 
genes in the second cell group was gradually weaken-
ing. Combined with the results of pseudotime analysis 
(Fig. 3), we speculate that the development of osteo-
blasts is from cluster 2 to cluster 1, to cluster 3, to clus-
ter 0. In the process of osteoblast maturation, the expres-
sion of APOE, COL8A1, CXCL12, MMP13, and other 
genes increases gradually, while the expression of 
PLPP1, PHEX, RAMP1, PTPRZ1, and DMP1 and other 
genes is relatively weakened. Previous studies have 
found that circulating apoE levels increase with age in 
both humans and mice (Huynh et al., 2017). Experiments 
have demonstrated that circulating apoE plays a power-
ful inhibitory role in bone repair, and fracture calluses of 
aged mice show enhanced bone deposition and mechan-
ical strength when circulating apoE levels are reduced 
(Huang et al., 2019). These results suggest that circulat-
ing apoE can inhibit fracture healing by altering the me-
tabolism of osteoblasts, thereby identifying apoE as a 
new therapeutic target for improving bone repair in the 
elderly (Huang et al., 2019). DMP1 is highly expressed 
in bones and plays a key role in mineralization and 
phosphate metabolism (Martin, 2019). An important 
role of DMP1 expression in the nucleus of osteoblast 
precursor cells is to up-regulate osteoblast-specific genes 
(Shahabipour, 2020). Expression of most of the genes 
screened in this study is consistent with that reported in 
the literature, and they can be used as candidate genes 
for studying osteogenesis.

We analysed samples from different sources by GSVA, 
which revealed active signalling pathways in 1-month-
old mice, including the TGF beta signalling pathway, 
which is involved in the process of osteogenesis but is 
not an osteogenesis-specific signalling pathway. Other 
signal pathways are mostly related to the cell metabo-
lism, including lipid and glucose metabolism, but not 
directly related to bone formation. The active signal 
pathways in 16-month-old and 3-month-old mice in-
clude primary immunodeficiency, intestinal immune 
network for IgA production, and graft versus host dis-
ease. Although it is impossible to infer the direct rela-
tionship between these signalling pathways and osteo-
genesis, the comparison shows that the cells from 
1-month-old mice are in the early stage of development 
and growth, while the cells from 3-month-old and 
16-month-old mice are in a working state. The data are 
consistent with the characteristics of mature cells.

The innovation of this study lies in analysing the het-
erogeneity of osteoblasts derived from the bone marrow 
with the help of single-cell sequencing data, which has 
greater accuracy than traditional bulk sequencing. This 
study makes a preliminary analysis of the developmen-
tal process of osteoblasts, which can provide clues for 
further research. A limitation is that only data analysis 
has been carried out; although many interesting and 
meaningful genes have been proposed, no cellular and 
animal experiments were done.

In conclusion, this study performed transcriptome 
analysis of bone marrow-derived osteoblasts at the sin-
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gle-cell level, identified four subtypes of constituent 
bone cells, and deduced the developmental order of the 
cells, along with the dynamic changes of related genes 
according to the pseudotime analysis. The present study 
lays the groundwork for next mechanistic investigation, 
in which we plan to identify the genes potentially in-
volved in osteoblast development.
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