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Comprehensive bioinformatics
analysis reveals novel potential
biomarkers associated with aging
and mitochondria in osteoporosis

Ke Bi, Yuxi Chen, Yuhang Hu, Song Li, Weiming Li, Zhange Yu & Lei Yu™*

Osteoporosis (OP) is a prevalent age-related bone metabolic disease. Aging and mitochondrial
dysfunction are involved in the onset and progression of OP, but the specific mechanisms have not
been elucidated. The aim of this study was to identify novel potential biomarkers associated with
aging and mitochondria in OP. In this study, based on GEO database, aging-related and mitochondria-
related differentially expressed genes (AR&MRDEGs) were screened. The AR&MRDEGs were enriched
in mitochondrial structure and function. Then, 6 key genes were identified by WGCNA and multiple
machine learning, and a novel diagnostic model was constructed. The efficacy of diagnostic model was
validated using external datasets. The results showed that diagnostic model had favorable diagnostic
prediction ability. Next, key gene regulatory networks were constructed and single-gene GSEA analysis
was performed. In addition, based on a single-cell dataset from OP, single-cell differentially expressed
genes (scDEGs) were identified. The results revealed that aging-related and mitochondria-related
genes (AR&MRGs) were enriched in the ERK pathway in tissue stem cells (TSCs), and in mitochondrial
membrane potential depolarization in monocytes. Cellular communication analysis showed that

TSCs were active, with numerous signaling interactions with monocytes, macrophages and immune
cells. Finally, the expression of key gene was verified by quantitative real-time PCR (qQRT-PCR). This
study is expected to provide strategies for the diagnosis and treatment of OP targeting aging and
mitochondria.

Keywords Osteoporosis, Aging, Mitochondria, WGCNA, Diagnostic model, Single-cell bioinformatics
analysis

Osteoporosis (OP) is a bone metabolic disease characterized by bone microstructural destruction, leading to
increased bone fragility and susceptibility to fracture!. Osteoporotic fracture is extremely harmful and is one of
the major causes of disability and death in elderly patients?. With the aging population, the prevalence of OP
is rapidly escalating and has become an essential public health challenge’. Dualenergy X-ray absorptiometry
(DXA) is a well-recognized standard for OP diagnosis®. However, DXA is insensitive to early bone loss, fails to
accurately assess the severity of OP, and fails to predict fracture risk. Based on gene microarrays, identification
of key genes by transcriptome analysis is a valuable approach. Multi-level, multi-dimensional bioinformatics
analysis and validation of multiple datasets contribute to the identification of more reliable genetic biomarkers.

Studies have shown that bone homeostasis, maintained by a complex balance between bone formation and
bone resorption, suffers disruption with aging®. Genetic mouse models have demonstrated that elimination of
aging cells in vivo significantly attenuates the aging-related OP process®. Meanwhile, mitochondrial dysfunction
is one of critical pathogenic mechanisms of OP’. Mitochondrial DNA alterations, oxidative phosphorylation
damage, phagocytosis dysfunction, and defects in mitochondrial biogenesis and dynamics have all been
associated with OP®. Moreover, mitochondrial dysfunction contribute in cellular aging and aging-related stem
cell viability decline’. Aging and mitochondria are potential targets for OP. However, genetic biomarkers of aging
and mitochondria-related genes for OP are still lacked.

In this study, aging-related and mitochondria-related differentially expressed genes (AR&MRDEGs)
were captured by differential expression analysis. Potential biological functions and associated pathways of
AR&MRDEGs were defined by GO, KEGG enrichment analysis, GSEA and GSVA. Through WGCNA and

Department of Orthopedic Surgery at the First Affiliated Hospital, Harbin Medical University, Harbin, China. *email:
hmuyulei@hrbmu.edu.cn

Scientific Reports | (2025) 15:934 | https://doi.org/10.1038/s41598-024-84926-8 nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-024-84926-8&domain=pdf&date_stamp=2025-1-3

www.nature.com/scientificreports/

multiple machine learning algorithms, key genes were screened and a novel diagnostic model was constructed.
Single-cell bioinformatics analysis was performed to explore the biological processes involved in aging-related
and mitochondria-related genes (AR&MRGs) in specific cell type and intercellular communication in OP.

Materials and methods

Data collection

The GSE35959'0, GSE56815''and GSE7158!2 datasets were downloaded from GEO database (https://www.ncb
i.nlm.nih.gov/geo/)!*by “GEOquery” package (Version 2.70.0)* (Table S1). GSE35959 acts as training dataset,
and GSE56815 and GSE7158 serve as validation dataset in this study. The GSE35959, GSE56815, GSE7158
datasets were normalized and annotated by the “limma” package (Version 3.58.1). Aging-related genes (ARGs)
and mitochondria-related genes (MRGs) were collected through GeneCards (https://www.genecards.org/)'®
and MSigDB database (https://www.gsea-msigdb.org/gsea/msigdb)'®. The 485 AR&MRGs were acquired by
intersecting ARGs with MRGs.

Identification of aging-related and mitochondria-related differentially expressed genes

The DEGs between OP and control were identified by “limma” package (Version 3.58.1)"7. The threshold of
DEGs was |log FC| > 1 and adjusted P<0.05. The AR&KMRDEGs were obtained by venne diagram of DEGs
and AR&MRGs. Heatmaps of AR&MRDEGs were demonstrated by “pheatmap” package (Version 1.0.12) and
chromosomal localization maps were created using “RCircos” package (Version 1.2.2)'8.

GO and KEGG enrichment analysis

Enrichment analysis of AR&KMRDEGs for GO'?and KEGG*’was performed using the “clusterProfiler” package
(version 4.10.0)%!. Entries were selected by adj. P<0.05 and FDR (q value) <0.25. The value of P correction
method was Benjamini-Hochberg.

Gene set enrichment analysis and gene set variation analysis

Genes were ranked according to logFC, and then subjected to GSEA by “clusterProfiler” package??. Meanwhile,
GSE35959 were analyzed for GSVA using “GSVA” package (Version 1.50.0)%. The filtering criterion of entries
was P<0.05 and FDR <0.25.

Expression difference analysis and correlation analysis of AR&KMRDEGs

The group comparison plots were drawn based on AR&MRDEGs expression. Meanwhile, the correlation of
AR&MRDEGS was analyzed by spearman algorithm. Correlation heatmaps were plotted via “pheatmap” package
(Version 1.0.12) and correlation scatterplots were drawn by “ggplot2” package (Version 3.4.4).

Weighted gene co-expression network analysis

WGCNA?was run by the “WGCNA” package?. The variance of genes was calculated and the top 8000 genes
were screened. The minimum genes number of module was 100; the ideal soft threshold was 16; the module
shear height was 0.4. The correlation of modules with OP was measured. Modules with |r value| > 0.5 and
P <0.05 were picked to subsequent analysis.

Machine learning and construction of diagnostic model

Firstly, candidate genes were screened using “randomForest” (RF) package®. After cross-validation, the number
of variables with smaller errors was selected, and then vital variables were selected based on MeanDecreaseGini
for subsequent analysis.

Then, least absolute shrinkage and selection operator (LASSO) regression”’was run through “glmnet”
package?® to calculate risk score and construct risk model. The LASSO riskscore was calculated as
follows: RiskScore = > ;Coef ficient (gene;) * mRN A Expression (gene,)

The LASSO regression analysis was visualized by LASSO coefficient path and cross verification curve.

2

Validation of diagnostic model

The receiver operating characteristic curves (ROC) of risk score and key genes were plotted by “pROC”
package (Version 1.18.5) and area under the curve (AUC) was calculated to evaluate diagnosis efficiency. The
interrelationships of key genes were demonstrated by nomogram based on logistic regression analysis through
“rms” package (Version 6.7-1)%°. Calibration curve was plotted to assess effectiveness and discrimination of
diagnostic model. The net benefits of genetic information decisions were assessed by Decision Curve Analysis
(DCA) with “ggDCA’package®.

Protein-protein interaction networks

The GeneMANIA database (https://genemania.org/)*! allows discovering genes with similar functions through
massive genomics and proteomics data, as well as locating genes sharing functions, predicting gene functions, and
prioritizing genes. Protein-protein interaction (PPI) network of key genes was mapped based on GeneMINIA.

Regulatory network of key genes

The miRNAs related to key genes were available from StarBase v3.0 database (https://starbase.sysu.edu.cn/
In addition, drugs targeting key genes were predicted by comparative toxicogenomics database (CTD) (https:/
/ctdbase.org/)**. Finally, transcription factors (TFs) regulating key genes were analyzed by ChIPBase database
(http://rna.sysu.edu.cn/chipbase/)**. Based on StarBase v3.0 database, RNA-binding proteins (RBPs) targeting
key genes were selected®. The regulatory networks of key genes were visualized by Cytoscape software®.

)32.
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GSEA for correlated genes of key genes

First, the correlation coefficients between the key genes and the remaining genes were calculated and ranked.
This process covered all relevant genes in OP and Control groups in dataset GSE35959. Subsequently, we
selected the top five genes with the highest correlation with each key gene and performed GSEA on these genes
to demonstrate the normalized enrichment scores corresponding to the biological functions or pathways in
which they are involved.

protein structure domain prediction

The protein structures of key genes were predicted and visualized by AlphaFoldDB database (https://alphafold.co
m)¥’. AlphaFoldDB calculated predicted local distance difference test (pLDDT) for each residue of key proteins.
The pLDDT < 50, the predicted structure with low confidence; 50 < pLDDT < 70, the predicted structure with
medium confidence; 70 < pLDDT < 90, the predicted structure with high confidence; pLDDT > 90, the predicted
structure with extremely high confidence.

Immune infiltration analysis

Firstly, immune cell were labeled and infiltration abundance of immune cells was calculated using ssGSEA to
derive the immune cell infiltration matrix*®. Group comparison plots were drawn to demonstrate differences
between OP and control groups in immune cell infiltration. Subsequently, the correlation among immune cells
was calculated based on Spearman algorithm. Finally, correlation bubble plots were drawn to display correlation
between immune cells and key genes.

Quality control of single-cell dataset

The GSM4423510 from GSE147287 (scRNA-seq)*® was acquired by “Seurat v4.0” package. The samples source
derived from homo sapiens bone marrow. The GSE147287 dataset was normalized by the “NormalizeData”
function. The top2000 highly variable genes were truncated using “vst” method via “FindVariableFeatures”
function. Cell subtypes were captured by “FindNeighbors” and “FindClusters” functions, and cell clusters were
identified by “clustree” function at 0.6 resolution. Finally, dimension reduction was performed by “RunUMAP”
function to visualization.

ScDEGs and single-cell enrichment analysis

Firstly, cell annotation was performed based on InmGenData database and “SingleR” package (Version 2.4.1)%.
Subsequently, the “DotPlot” and “FeaturePlot” functions were utilized to exhibit key genes expression in different
cell. Finally, DEGs were identified by “FindAllMarkers” function. The top10 DEGs of each cell were selected as
single cell differentially expressed genes (scDEGs). Common genes of scDEGs and AR&MRGs were subjected
to GO and KEGG enrichment analyses.

Cell communication analysis

The intercellular communication was inferred and quantified by “CellChat” package (Version 2.1.1)*! and the
CellPhoneDB.human database. Significantly ligand-receptor pairs were identified by ligand-receptor interaction
probability and perturbation tests. Then, cell communication network was integrated by summing the number
or intensity of ligand-receptor pairs. The essential receptor-ligand pairs during immune cells signaling and
receive signals were shown through bubble plots.

pseudotime analysis

Differentiation start and end were identified based on trace of cell types and expression of characterized
genes. Pseudotime analysis was run by “monocle” package (Version 2.30.1)*>~# to predict differentiation and
developmental trace and to analyze key genes variations during pseudotime process.

Bone loss model mice

The research was approved by the Ethics Committee of the First Affiliated Hospital of Harbin Medical University.
All experimental methods followed the relevant guidelines and regulations, as well as the ARRIVE guidelines.
Female 8-week-old C57BL/6] mice were bought from Liaoning Changsheng Biotechnology Co. Following 1
week acclimatization, mice were anesthetized by intraperitoneal injection of chloral hydrate (10%), and then
mice were subjected to OVX or sham surgery. Mice were housed under identical pathogen-free conditions and
provided with sufficient food and water. After 8 weeks of rearing, mice were euthanized by cervical dislocation
and femurs were collected.

RT-gPCR

Total RNA was extracted from mouse bone tissue using TRIzol reagent (Invitrogen, Carlsbad, CA, USA).
NANODrop2000 (Thermo Scientific, Carlsbad, USA) was utilized to verify the quality of RNA. Total RNA was
reverse transcribed into cDNA in a total reaction volume of 10 pL by cDNA Reverse Transcription Kit (Thermo
Fisher Scientific, Waltham, Massachusetts, United States) following manufacturer’s instructions. The ABI 7500
fast Real-Time PCR system (Applied Biosystems, Foster City, USA) was used to measure the expression levels
of mRNAs by using SYBR Green (Applied Biosystems, USA). 18s was served as control. The primer sequences
are as follows:
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AR&MRGs

mRNA-miRNA
mRNA-Drugs
TF-mRNA-RBP

Genes Forward Primer (5°—3’) Reverse Primer (5°—3’)
ABAC4 | CCAGCCTTTTCCGAGAG CTGAGCGCCACCTACAA
MAOA GCTTTATCTCCCGTCCATT | CGAATCACCCTTCCATACA
KIF5A AAAGAAGCCGTGCGGTA GGTTGGTGGGTGAGGAG

NFKB2 | ATCTGGGTGTCCTGCATGT | CCTTGGCCTCCTGCTCT
BAX GCCTCGCTCACCATCTG CCCACCCCTCCCAATAA
YWHAE | GCATTGAAGGTGGTATGGA | AACAAAAGAGGTTGAGCGA

statistical analysis

All data processing and analysis were based on R software (Version 4.3.3). For comparisons of continuous
variables in two groups, Student’s independent t-test was applied to statistical significance for normally
distributed variables, and Wilcoxon rank sum test was applied to non-normally distributed variables. Kruskal-
Wallis test was utilized for comparison of three and more groups. Correlation coefficients between variables were
calculated by Spearman correlation analysis. The P<0.05 was identified as statistically significant.

Results
The flowchart of this study is shown in Fig. 1.

Identification of AR&MRDEGSs in OP and enrichment analysis

Firstly, the GSE35959, GSE56815 and GSE7158 datasets were normalized. The box plots demonstrated differences
before and after normalization (Fig. S1). Based on GSE35959 dataset, DEGs between OP and control groups
were identified. According to |logFC| > 1 and adjusted P<0.05, 2908 DEGs were displayed in volcano plot,
including 2523 up-regulated genes and 385 down-regulated genes (Fig. 2A). And then 47 AR&KMRDEGs were
available by venn diagram (Fig. 2B and Table S2) of DEGs and AR&MRGs. Heatmap presented the expression
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Fig. 1. Flow chart for the comprehensive analysis of AR&KMRDEGs.
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Fig. 2. Identification of AR&KMRDEGs in OP and enrichment analysis. (A) Volcano plot of DEGs between
OP and control in GSE35959. (B) Venn diagram of DEGs and AR&MRGs. (C) Heatmap of top20 of
AR&MRDEGs. Purple represents OP and yellow represents control. Red means high expression and blue
means low expression. (D) Chromosome localization map of AR&KMRDEGs. (E) Histogram of GO and KEGG
enrichment analysis of ARKMRDEGs. BP, Biological Process; CC, Cellular Component; ME, Molecular
Function. (F) Network map of GO and KEGG enrichment analysis of AR&KMRDEGs. Orange nodes

represent entries, green nodes represent molecules, and lines represent the relationship between entries and
molecules. (G) Bubble diagram of GSEA. The bubble indicates gene set size, and color represents P value.
(H-K) Details of GSEA in Nfkb Targets (H), Targets of Hifla and Foxa2 (I), Acetylate Histones (J) and Tp53
Targets Phosphorylated (K). (L) Heatmap of GSVA. Blue represents low enrichment and red represents high
enrichment. (M) Group comparison plots of GSVA. The ns represents P> 0.05 and no statistical significance; *
represents P<0.05 and statistically significant.
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of top20 of AR&KMRDEGs (Fig. 2C). Finally, the chromosome localization of AR&MRDEGs was mapped.
Several ARKMRDEGs including DMD, MAOA, HDAC6, AGTR2, ABCDI and G6PD were located on the X
chromosome (Fig. 2D).

To explore action of AR&KMRDEGs in OP, GO and KEGG enrichment analysis were performed. AR&KMRDEGs
were primarily enriched in biological processes (BP) such as mitochondrion organization regulation, response to
oxidative stress and reactive oxygen species metabolic process; cellular components (CC) such as mitochondrial
outer membrane, mitochondrial matrix and tricarboxylic acid cycle enzyme complex; molecular functions
(MF) such as chaperone binding, ubiquitin protein ligase binding and death domain binding. Simultaneously,
AR&MRDEGs enriched in pathways such as apoptosis, lipid and atherosclerosis and age-race signaling pathway
in diabetic complications (Fig. 2E). Meanwhile, the number of AR&MRDEGs contained in entries and links
among entries were visualized by network diagram (Fig. 2F). The results showed that ARKMRDEGs were closely
related to mitochondrial structure and function.

To research total genes variation in OP, GSEA was run (Fig. 2G). The all genes primarily enriched in Nfkb
targets (Fig. 2H), targets of Hif1a and Foxa2 (Fig. 2I), acetylate histones (Fig. 2]), and tp53 targets phosphorylated
(Fig. 2K). To explore differences of gene set, GSVA was performed. The top20 entries were displayed in heatmap
(Fig. 2L). Subsequently, difference validation was performed by Mann-Whitney U test. The group comparison
graph indicated that krebs cycle disorders, glucuronidation and nfkb pathway were significant between OP and
control (Fig. 2M).

Differential expression analysis and correlation analysis of AR&KMRDEGs

To explore differential expression of AR&MRGs, group comparison plots demonstrated 41 AR&MRGs were
statistically expressed between OP and control group (Fig. S2A). Next, correlations among 47 AR&MRGs were
calculated and correlation heatmaps were drawn (Fig. S2B). The correlation heatmap showed that positive
correlations among most AR&KMRDEGs, with significant positive correlations between HDAC6 and CAV3,
VATI and OGDH (r=0.983, P<0.001). Finally, 4 pairs genes with strongest correlation were demonstrated by
correlation scatterplots (Fig. S2C-F).

Weighted gene co-expression network analysis

To filter key module genes, WGCNA was performed. When the scale-free fitting index is 0.85, the optimal
soft threshold is 16 (Fig. 3A). When the screening criterion was 0.4, the genes were clustered in 6 modules,
including: darkgreen, orange, grey, brown, darkorange and green (Fig. 3B). Then, the relationships between
genes and merged modules were visualized (Fig. 3C). The correlations of 6 modules with OP were acquired
(Fig. 3D). Finally, darkgreen module served as the key module for subsequent analysis. The 22 candidate genes
were obtained by venn diagram of darkgreen module genes and AR&MRDEG (Fig. 3E).
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Fig. 3. WGCNA and machine learning. (A) Scale-free networks of soft threshold power and mean
connectivity. (B) Module aggregation of top 8000 genes in variance. (C) Gene clustering dendrogram by
hierarchical clustering. (D) Correlation analysis between modules and OP. (E) Venn diagram of AR&MRDEGs
and darkgreen module genes. (F) Training error plot of RE. (G) MeanDecreaseGini scatterplot of candidate
genes. (H) Error plots of cross-validation. (I) LASSO coefficient path. (J) Cross verification curve in LASSO.

(K) Forest map of key genes in LASSO.
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Machine learning and construction of diagnostic model

To investigate clinical value of 22 candidate genes, the RF was applied. The error plot of decision trees displayed
that the error leveled off when the number of decision trees was 50 (Fig. 3F). Meanwhile, meandecreasegini
scatter plots of 22 candidate genes were plotted (Fig. 3G). The cross-validation error plot demonstrated that the
model error is smaller when the number of genes is 7 (Fig. 3H).

Then, based on RE, LASSO regression analysis was constructed. LASSO coefficient path (Fig. 3I) and cross
verification curve (Fig. 3]) were plotted. The LASSO derived 6 key genes, including ABCA4, MAOA, KIF5A,
NFKB2, BAX and YWHAE. The forest maps of key genes were drawn (Fig. 3K). The diagnostic model was
constructed according to key genes and their risk coefficients. The LASSO riskscore was calculated as follows:

RiskScore = Z iCoef ficient (gene;) * mRN A Expression (gene,)

Validation of diagnostic model

To validate the diagnostic model, the ROC curve of risk score was plotted. The risk score presented high
accuracy (AUC>0.9) in GSE35959 (Fig. S3A). The ROC curves of key genes indicated that ABCA4, MAOA,
KIF5A, NFKB2, BAX, and YWHAE all provided high diagnosis accuracy (AUC>0.9) (Fig. S3B-D). Then, the
nomogram plot assessed potency of key genes for diagnostic model, with higher potency of NFKB2 expression
and lower potency of BAX expression (Fig. S3E). In addition, calibration curve was plotted to determine
precision and discrimination of diagnostic model. The calibration curve plot demonstrated that dashed line of
calibration line substantially coincided with diagonal line of ideal model (Fig. S3F). Finally, the clinical utility
of diagnostic model was assessed by DCA. The net benefit of diagnostic model was consistently higher than all
positive and all negative within most risk thresholds (Fig. S3G).

Meanwhile, external validation of diagnostic model was conducted based on GSE56815 and GSE7158
datasets. The ROC curves displayed both risk scores and key genes with high accuracy (0.5<AUC<0.7)
(Fig. 4A, D, H and K). The nomogram indicated that the expression of key genes had high utility for diagnostic
model (Fig. 4E and L). The calibration curve demonstrated that calibration line is close to diagonal line, and
the model has better discrimination ability (Fig. 4F and M). The DCA showed that strategies based on genetic
information bring higher net benefits over a wide range of risk thresholds (Fig. 4G and N).

Construction of PPI networks and regulatory networks

The PPI networks were constructed through GeneMANIA database, containing 6 key genes and 20 functionally
similar genes (Fig. $4). Firstly, miRNAs related to key genes were extracted from StarBase database, and the
mRNA-miRNA regulatory network was constructed, containing BAX, KIF5A, YWHAE3 and 46 miRNAs
(Fig. 5A). Potential drugs for key genes were then identified through CTD database, and mRNA-drug network
was constructed, containing MAOA, BAX2 and 38 drugs or molecular compounds (Fig. 5B). Finally, TFs
combining with key genes were available through ChIPBase database and RBPs associated with key genes were
predicted through StarBase database. The TF-mRNA-RBP network was constructed, containing 6 key genes, 66
TFs and 67 RBPs (Fig. 5C).

GSEA for correlated genes of key genes

To explore pathways associated with key genes, GSEA was run. GSEA was performed on remaining genes and
the biological functions or pathways with top5 normalized enrichment score (NES) were demonstrated (Fig.
§5). The smarca2-targets showed association with ABCA4, BAX, KIF5A, MAOA, NFKB2 and YWHAE; MIR21-
targets was association with BAX, NFKB2 and YWHAE; Myc-targets by serum had negative association with
KIF5A and MAOA.

Prediction of protein structural domains

The protein structures of 6 key genes were available by AlphaFoldDB (Fig. S6). The major structural domains
of 3 key genes had extremely high confidence (pLDDT > 90), including: BAX, MAOA, YWHAE. The major
structural domains of 3 key genes had high confidence (70 < pLDDT < 90), including: ABCA4, KIF5A, NFKB2.

Immune infiltration analysis

Studies have confirmed that immune disorders were involved in the development of OP*. Hence, immune
infiltration analysis was carried out in this study. Firstly, group comparison plots demonstrated significant
differences in immune cells infiltration abundance, including: activated dendritic cell, natural killer T cell and
CD56dim natural killer cell (Fig. S7A). Next, correlation heatmaps revealed strong correlations among most
immune cells, with central memory CD8 T cell and activated CD4 T cell exhibiting the strongest negative
correlation (r = —0.95, P<0.05) (Fig. S7B). Finally, correlation bubble plots indicated that strong correlations
were presented between key genes and immune cells, with BAX and activated dendritic cell having strongest
negative correlation (r = —0.9, P<0.05) (Fig. S7C).

cell annotation and key genes expression

Single-cell counts matrix of GSM4423510 in GSE147287 from OP was investigated. The violin plot presented the
number of gene features, the count of genes, and the percent of mitochondria genes per cell (Fig. 6A). UMAP
was applied for dimension reduction and visualization. When the resolution was 0.6, 7335 cells were categorized
into 17 separate clusters (Fig. 6B). The cell clusters were then defined into 11 cell types, including tissue stem
cells (TSCs), myelocytes, hematopoietic stem cells (HSC), neutrophils, CD8" T cells, macrophages, monocytes,
adipocytes, erythrocytes, erythrocytes, B cells and chondrocytes (Fig. 6C). The bar graph showed the percentage
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Fig. 4. The validation of diagnostic model in GSE56815 and GSE7158. (A) ROC curves of risk scores in
GSE56815. (B) ROC curves of ABCA4 and MAOA. (C) ROC curves KIF5A and NFKB2. (D) ROC curves

of BAX and YWHAE. (E) Nomogram of key genes in diagnostic model. (F) Calibration curve of diagnostic
model. (G) Decision curve analysis of diagnostic model. (H) ROC curves of risk scores in GSE7158. (I) ROC
curves of ABCA4 and MAOA. (J) ROC curves KIF5A and NFKB2. (K) ROC curves of BAX and YWHAE. (L)
Nomogram of key genes in diagnostic model. (M) Calibration curve of diagnostic model. (N) Decision curve
analysis of diagnostic model.

of 11 cell types, with TSCs occupying highest percentage (Fig. 6D). Bubble plots demonstrated the expression
levels and percentages of 4 key genes (BAX, MAOA, NFKB2 and YWHAE) in different cell (Fig. 6E). UMAP plots

separately presented the expression of 4 key genes in GSM4423510 (Fig. 6F).

Single-cell DEGs and enrichment analysis
The scDEGs among cells were identified by |log FC| > 2 and adj. P<0.05 (Fig. 6G). The expression of top10
scDEGs was visualized (Fig. 6H). The heatmap displayed that COLI4A1, CHRDDLI, etc. were primarily
expressed in TSCs; FABP4, C1QB, etc. were mainly expressed in macrophages; KLF4, ASGRI, etc. were mainly
expressed in monocytes.

Next, GO and KEGG enrichment was carried out for common genes of scDEGs with AR&MRGs. The
common genes of scDEGs and AR&MRGs in TSCs were primarily enriched in myeloid leukocyte differentiation,
regulation of ERK1 and ERK2 cascade and other BP; vesicle lumen, endocytic vesicle and other CC; ephrin
receptor binding, lamin binding and other MF; ErbB signaling pathway, cholesterol metabolism and other
pathways (Fig. 6I). The common genes of scDEGs and AR&MRGs in monocyte were primarily enriched in
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Fig. 5. Regulatory network of key genes. (A) The mRNA-miRNA network. (B) The mRNA-Drug network.
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regulation of mitochondrial depolarization, regulation of membrane depolarization and other BP; endocytic
vesicle lumen, lysosomal lumen and other CC; proteoglycan binding, glycosaminoglycan binding and other MF

(Fig. 6]).

Sell communication analysis
Communication among 11 cell types was inferred and quantified. Heatmaps and circle plots demonstrated
the number (Fig. 7A) and intensity (Fig. 7B) of cell communication. TSCs was active in cell communication
networks. There was plentiful signal transduction among TSCs, macrophages and monocytes in OP (Fig. 7C-
E). Cell communication among TSCs, macrophages, monocytes and immune cells revealed the presence of
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Fig. 6. Key genes expression, single-cell DEGs and enrichment analysis. (A) Violin map of gene expression.
(B) The 7335 cells were clustered into 17 cell clusters by UMAP. (C) Cells were annotated into 11 cell types.
(D) Histogram of cell proportions. (E) Bubble diagram of expression levels of 4 key genes. (F) The expression
levels of key genes MAOA, NFKB2, BAX, YWHAE in GSE147287. (G) Volcano plot of scDEGs. (H) Heatmap
of scDEGs expression. (I) Enrichment analyses of common genes of AR&KMRGs and scDEGs in TSCs. (J)
Enrichment analyses of common genes of AR&KMRGs and scDEGs in monocyte.
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significant receptor-ligand pairs (Fig. 7F and K). In TSCs-B cells, the APP-CD74 receptor-ligand pair had a high
intensity of action.

pseudotime analysis

The development trace of 11 cell was demonstrated by differentiation developmental chronograms (Fig. 8A) and
trace diagrams (Fig. 8B). The development starting point was state 1, and the developmental end points were
state 2 and state 3. The distribution of 11 cell in cell track skeleton map was plotted (Fig. 8C). The bar graphs
demonstrated 4 key genes expression at different development nodes (Fig. 8D). The BAX was expressed highest
in state 2 and lowest in state 1; MAOA was expressed low in all developmental stages; NFKB2 was expressed high
in state 3 and low in state 1; and YWHAE was expressed highest in state 2 and low in state 1. Finally, heatmap
exhibited expression of key genes in pseudotime (Fig. 8E).

qRT-PCR

The expression of key genes was verified by qRT-PCR (Fig. 9). The expression of ABCA4, MAOA, KIF5A and
NFKB2 in OP were higher than in control, and the expression of BAX showed the opposite trend. The expression
of YWHAE showed no difference between OP and control groups.

Discussion

OP is a bone disease characteristically associated with reduced bone strength and elevated risk of fracture, and
occurs primarily in postmenopausal women and older men*®. OP is prevalent and extremely dangerous, but
diagnosis and treatment rates remain low*”. Currently, the OP diagnosis relies on imaging and BMD testing by
DXA, but all have limitations*®. OP imaging is highly subjective and difficult to detect early bone loss. DXA is
unsensitive to early bone loss, fails to assess the severity of OP and predict fracture risk*. Early diagnosis of bone
loss is critical for the management of OP patients.

Aging has recognized as an essential mechanism independently of estrogen deficiency leading to OP>°.
Meanwhile, mitochondrial dysfunction is one of key hallmarks of cell aging®'. Studies have demonstrated
that bone marrow mesenchymal stem cells (BMSCs) aging affects viability, differentiation, and thus decrease
osteogenesis, leading to OP>2. Aging and mitochondria are potential targets for OP. However, identified genetic
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Fig. 8. Pseudotime analysis. (A) Cell track skeleton in pseudotime. The color from dark to light represents
pseudotime order. (B) Stage of cell track skeleton. (C) Distribution of 11 cells types in cell track skeleton. (D)
Histogram of key genes expression at different developmental stages. (E) Heatmap of pseudotime expression of
key genes.

biomarkers of AR&MRGs in OP have not been reported. Multi-level, multi-dimensional bioinformatics analysis
might contribute to identify more accurate genetic biomarkers. Therefore, this study utilized public data to
screen key AR&MRGs and construct a diagnostic model that might contribute to the diagnosis of OP in future.

Due to difficulty in obtaining human BMSCs, GSE35959 is available as the largest sample size dataset. In
this study, 47 AR&KMRDEGs were available from differential expression analysis and WGCNA. AR&MRDEGs
were enriched in mitochondrial structure and function such as mitochondrial tissue, mitochondrial outer
membrane, mitochondrial matrix, regulation of mitochondrial membrane potential, response to oxidative
stress, metabolism of reactive oxygen species and tricarboxylic acid cycle enzyme complex. When organisms
exposed to oxidative stress stimuli, excessive reactive oxygen species were released, mitochondrial membrane
potential depolarized, mitochondrial membrane permeability increased, and mitochondrial dysfunction
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Fig. 9. The qRT-PCR validation of key genes. (A)ABCA4(B)MAOA(C)KIF5A(D)NFKB2(E)BAX(F)YWHAE.
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including oxidative phosphorylation, tricarboxylic acid cycle and ATP generation even mitochondria-derived
apoptosis and mitochondrial cleavage were observed™. The present study revealed key biological processes and
signaling pathways associated with aging and mitochondria in OP, providing new insights for understanding OP.
Modulation of mitochondria to reverse aging to ameliorate bone loss needs more experiments and more animal
models to explore. Meanwhile, mitochondria supplements might be one of potential strategies for OP patients™.

In this study, the diagnostic model was constructed based on 6 key genes (YWHAE, MAOA, NFKB2, KIF5A,
ABCA4 and BAX). The calibration curves revealed that model had certain discrimination and no systematic
bias. Decision curves indicated that net benefits from genetic information strategy were favorable in most risk
threshold ranges. The diagnostic model had moderate external prediction ability, but it also laid foundation
for more accurate diagnosis tools in future. The present diagnostic model focused on aging and mitochondria
in BMSCs. However, OP was a systemic, multi-organ, multi-phenotype disease. The pathogenesis of OP was
complex and involved genetic and environmental factors. Adding key genes of osteoclasts, key genes of estrogen
pathway, and even clinical features such as age and basal disease to diagnostic model might greatly improve
generalizability and comprehensive prediction ability.

The PPI network was built by GeneMANIA database, including 6 key genes and 20 functionally similar
proteins. YWHAE, BAX and MAOA were located in core nodes of the network, interacting with functionally
similar proteins, and could serve as targets to regulate aging and mitochondrial of BMSCs. BAX, a proapoptotic
protein, initiates osteoblasts apoptosis by increasing mitochondrial membrane permeability and releasing
cytochrome ¢*. MAOAis associated with BMD, especially in postmenopausal women, and is critical locus for
bone mass in Japanese women®®. It is reported that NFKB2may be one of potential pathogenic genes and has
diagnosis value for OP, which is consistent with this study conclusion®”. Studies have identified YWHAE, a hub
gene for differentially expressed iron metabolism-related genes in OP%®. There are few reports about KIF5A,
ABCA4 associated with OP.

The mRNA-miRNA network showed that KIF5A, YWHAE, BAXwere regulated by multiple miRNAs. The
post-transcriptional regulatory mechanisms were complicated. MiRNAs could regulate BMSCs osteogenesis
differentiation through key proteins. MiR-124-3p inhibits osteogenic differentiation of BMSCs by suppressing
PI3K/Akt/mTOR. MiR-128-3p targets directly nuclear factor 5 of activated T cells (NFAT5), a protein that
binds to osteoprotegerin and modulates osteoclastogenesis in the presence of nuclear factor kB receptor activator
ligand“. The TF-mRNA-RBP network indicated that NFKB2 shares TF with ABCA4, BAX, while YWHAE shares
RBP with KIF5A, BAX. Collaborative mechanisms exist among key genes at transcriptional level. Both EP300 and
ERG were potential TFs for ABCA4, BAX and NFKB2, but no studies have been reported in OP, and more basic
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experiments were needed to confirm their roles. The mRNA-Drug network revealed that MAOA, BAX interacted
with various drugs. MAOA and BAXwere potential targets for drug screening of OP. Studies have found that
targeted delivery of curcumin to bone marrow of diabetic OP patients promoted osteogenic differentiation of
BMSCs and increased bone mass by enhancing mitochondrial function and inhibiting ferroptosis®!. Dasatinib
and quercetin, which improved aging BMSCs function and promoted bone regeneration by targeting aging cells
and senescence-associated secretory phenotypes (SASPs), was recently explored as a novel therapy for a variety
of age-related diseases®?.

Heatmap of scDEGs showed that APOD and CHRDLI were highly expressed in TSCs. Studies confirmed that
APODinfluences OP progression by regulating BMSCs osteogenic differentiation through the PI3K/Aktpathway®’.
Meanwhile, CHRDLI promotes BMSCs osteogenic differentiation by activating BMP4-SMAD1/5/9pathway5*.
TSCs enrichment showed AR&MRGs enriched in ERK pathway. Studies have demonstrated that ERKpathway
activation promotes BMSCs differentiation to osteoblasts, facilitates osteogenesis, and prevents bone loss®.
Monocyte enrichment revealed AR&MRGs enrichment in mitochondrial membrane potential depolarization.
Studies have demonstrated that estrogen promotes mitochondrial apoptotic death of early osteoclast progenitors
via Bak/Bax, reducing osteoclast numbers and reducing bone loss®®. Meanwhile, cell communication
analysis revealed substantial cell communication among TSCs, monocytes, and macrophages. In OP, M1-like
macrophages have increased mitochondrial transfer to BMSCs, and abnormal metabolism in BMSCs regulates
bone homeostasis®. This study provided insights for aging and mitochondria at the single-cell level in OP.

There are some limitations to this study. First, we performed the batch effect removal independently for the
three datasets (GSE35959, GSE56815, and GSE7158).

This choice is intended to minimize the interference of potential batch effects in the results, but it may also
lead to the loss of some information, which may weaken the comprehensiveness of the results. Differential
analysis was based only on the test set GSE35959 and further screened for 47 AR&MRDEGs. Nevertheless,
the presence of dataset bias needs to be interpreted with caution to avoid overstating the generalizability of the
findings. However, we recognize that computational analyses have limitations of their own. For example, we
used t-tests and Wilcoxon rank sum tests in differential expression analysis. These methods may not fully capture
all aspects of biological complexity when dealing with small sample sizes, especially if the data are unevenly
distributed or highly noisy.

Although our study has made some progress in identifying key genes associated with OP and constructing
a diagnostic model, there are still some limitations. First, the construction of the model is mainly based on the
training set GSE35959, which has a relatively small number of samples, which may lead to overfitting of the
model during the training process, thus affecting its generalization ability on external validation sets (GSE56815
and GSE7158). Meanwhile, despite our efforts to improve the robustness of the model through cross-validation
of multiple algorithms on the test set, it is still difficult to rule out potential biases and the influence of external
variables on the results. More diverse datasets and more sophisticated algorithms are needed in the future to
further validate and enhance the reliability and applicability of the models.

Conclusion

In this study, 6 key genes (ABCA4, MAOA, KIF5A, NFKB2, BAX and YWHAE) were identified. A novel
diagnostic model was constructed and preliminarily validated. Meanwhile, this study enriched insights of aging
and mitochondria in OP, and laid foundation for the subsequent deep mechanism research to drive OP research
advances.

Data availability
The datasets analyzed during the current study are available in public databases such as GEO (https://www.ncbi.
nlm.nih.gov/geo/), MSigDB database (https://www.gsea-msigdb.org/gsea/msigdb) and GeneCards.
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