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Identification and validation of novel gene markers of osteoporosis
by weighted co expression analysis
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Background: Osteoporosis is a serious global public health concern. The present study identified specific
osteoporosis biomarkers which were used to generate a predictive prognostic model for patients with
0steoporosis.

Methods: Datasets from the Gene Expression Omnibus (GEO) database were analyzed. Differentially
expressed genes (DEGs) between osteoporosis and normal controls were identified by integrated microarray
analysis of the GEO database. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) analyses of differentially expressed gene function were performed. The best diagnostic gene
biomarkers for Osteoporosis were identified using Weighted gene co-expression network analysis (WGCNA)
and protein-protein interaction (PPIs) networks. Classification models including support vector machines
(SVM) was developed to test the diagnostic value of the identified gene biomarkers for osteoporosis.
Integrated microarray analysis of the GEO database (GSE62402, GSE7158 and GSE13850) was used for
validation.

Results: A total of 1,589 DEGs related to osteoporosis were identified in the GSE35959 dataset.
These DEGs were enriched in various pathways including the negative regulation of the calcium ion
transmembrane transport pathway. WGCNA identified 16 models, with the blue module showing a strong
positive association with osteoporosis, and the turquoise module showing a considerable negative association
with osteoporosis. Six hub genes were identified and used as features to build a predictive prognostic model
for osteoporosis using the GSE35959 dataset. The model was verified using the GSE62402, GSE7158, and
GSE13850 datasets.

Conclusions: These findings provide crucial insights into the mechanisms of the occurrence and
progression of osteoporosis. Furthermore, the identification of novel potential biomarkers may contribute to

the early diagnosis, prevention, and treatment of osteoporosis.
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Introduction fractures and loss of bone mass (1). Osteogenic osteoblasts

Osteoporosis has been recognized as a chronic skeletal and bone-resorbing osteoclasts need to be balanced for

illness that is more prevalent in postmenopausal women. maintaining bone homeostasis (2). When this homeostasis is

Osteoporosis is associated with a high risk of bone disturbed, normal bone remodeling becomes ineffective at
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maintaining constant bone mass, resulting in bone loss and
osteoporosis (3). Conventionally, dual X-ray bone
densitometers (DEXA), which measure bone density
(BMD), are commonly used to examine the risk of fractures
in osteoporosis (4).

Over the last several years, screening techniques,
including the Fracture Risk Assessment System (FRAX),
have been created and shown to be both scientifically
sound and cost-effective (5,6). The clinical risk factors
that have been identified include a family history of
fractures (especially hip fractures), female gender, history
of low trauma fractures, age, reduced BMD, smoking
and excessive alcohol consumption, low body mass index
(BMI), and use of glucocorticoids (7). In addition to the
prescription of sufficient vitamin D, calcium, and exercise
for long-term bone health, it is advised that high-risk
populations be given medication to prevent the progression
of osteoporosis. Current osteoporosis therapies fall into
two categories, namely, anti-resorptive drugs and anabolic
medication. Anti-resorptive agents reduce bone resorption
in osteoclasts (8), and include raloxifene, bisphosphonates,
and Denosumab which is a fully humanized antibody
against RANKL (receptor activator of nuclear factor
kappa-B ligand). Anabolic drugs promote bone formation,
and include teriparatide (1 to 34) which is the amino-
terminal fragment of human parathyroid hormone (PTH)
(9,10), parathyroid hormone-related peptide (PTHrP) (1
to 34) (abaloparatide) which is an analog of PTHrP (11),
and Romososumab which is a monoclonal antibody against
sclerostin (12).

In recent years, the advent of high-throughput technology
has made it possible to use gene microarray analysis to
effectively identify differentially expressed genes (DEGs),
thereby facilitating the identification of potential biomarkers
in a variety of disorders. Gene microarray analysis has been
used to discover important genes involved in the etiology
of osteoporosis in numerous studies (13,14). It is possible
that integrated multi-gene microarray analysis will aid in the
identification of more promising gene biomarkers.

Chen et al. reported that a diagnostic model established
based on nine key genes could reliably separate
Osteoporosis patients from healthy subjects (15). Chen
et al. have identified a group of circulating miRNAs as non-
invasive biomarkers for the detection of postmenopausal and
mechanical unloading Osteoporosis through a large-scale
screening based on microarray (13). Xia e a/l. showed that
genes such as VPS35, FCGR2A, TBCA, HIRA, TYROBP,
JUND, PHF20, NFKB2, RPL35A4 and BICD2 may be
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considered to be potential pathogenic genes of osteoporosis
and may be useful for further study of the mechanisms
underlying osteoporosis (16). Although a large number of
biomarkers have been identified in different ways, there is
still a lack of model analyses based on multiple key genes
that are valid in Osteoporosis for clinical application.

The current study adopted a bioinformatics approach
to identify potential prognostic markers of osteoporosis by
performing differential gene expression studies, weighted
gene co-expression network analysis (WGCNA), protein-
protein interaction (PPI) analysis, Kyoto Encyclopedia
of Genes and Genomes (KEGGQG) analysis, and Gene
Ontology (GO) analysis on the expression profiles of
osteoporosis samples from the Gene Expression Omnibus
(GEO) database. The aim was to identify early predictors
of osteoporosis based on the expression profiles of the
GEO dataset. The findings of this research could enable
the screenings of high-risk populations to facilitate early
diagnosis, treatment, and management of these patients.

We present the following article in accordance with the
REMARK reporting checklist (available at https://atm.
amegroups.com/article/view/10.21037/atm-22-229/rc).

Methods

The research methods used in this study is shown in Figure 1.

Microarray profiles and data processing

The RNA sequencing and methylation data of osteoporosis
samples were obtained from the National Center for
Biotechnology Information (NCBI) Gene Expression
Omnibus (GEO) (17) public database under the data
series accession number GSE35959 (18), GSE7158 (19),
GSE13850 (14), and GSE7429 (20) on July 20, 2020.
The osteoporosis samples were kept and the probes were
transferred to Gene Symbol. When a probe corresponds to
multiple genes, the probe was removed, and expressions with
multiple gene symbols were taken as the median value. The
clinical characteristics of the samples are shown in Table 1.

DEGs

Limma package (https://www.bioconductor.org/packages/
release/bioc/html/limma.html) (21) was used to identify
the DEGs in the GSE35959 dataset between osteoporosis
samples and normal samples, with the threshold for P<0.05
and |log2 fold change (FC)I| >1.
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Figure 1 A flowchart showing the research methods used in this study. WGCNA, weighted gene co-expression network analysis; GO, Gene
Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; PPI, protein-protein interaction; MCODE, molecular complex detection.

Table 1 The clinical characteristics of the samples in the GEO I/Vg;ghted gene co-expression network analysis (WGCNA)
datasets for identifying enriched DEGs
Data set Expression Platforms . .
To establish a scale-free co-expression network for the
GSE35959 GPLST0 DEGs in the GSE35959 dataset, the WGCNA (22)
Normal 9 package in R was used. DEGs were studied using Pearson’s
Osteoporosis 5 correlation matrices as well as the average-linkage
approach. A soft-thresholding factor of p was used to reveal
GSE7158 GPL570 . . . ..
significant correlations between DEGs while penalizing
High PBM 14 weak correlations, followed by conversion of the adjacency
Low PBM 12 into a topological overlap matrix (TOM), which was
GSE13850 GPL96 determined by the summation of its adjacency with all of
Hioh BMD 20 the other DEGs across DEGs network, and the calculation
9 of the matching dissimilarity (1-TOM). The criterion for
Low BMD 20 identifying modules with considerable enrichment in DEGs
GSE7429 GPL96 was set at P<0.05.
High BMD 10
Low BMD 10 Protein-protein interaction (PPI)
PBM is an important determinant of osteoporosis. BMD can be All human PPIs were obtained from the STRING (https://

reliably and accurately measured and has high genetic determination
with heritability of 0.5-0.9, indicating that genetic factors play an
important role in the risk of osteoporosis. GEO, Gene Expression
Omnibus; PBM, peak bone mass; BMD, bone mineral density.

string-db.org/) database (23). Protein IDs were translated
into gene symbols and PPIs without corresponding gene
names were eliminated. PPIs were collected if the values
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of the combined scores were >0.8. Cytoscape (Version:
3.7.2) (24) was used to filter and find the network module,
and the molecular complex detection (MCODE) plug-
in algorithm was used to find the module. The Degree,
MNC, and Scloseness algorithm of cytoHubba plug-ins
for Cytoscape (Version: 3.7.2) were used to obtain the PPI
networks for the DEGs.

Functional enrichment analyses

The analysis of the enrichment pathways of GO and KEGG
were conducted utilizing the R program ClusterProfiler (25)
for genes to detect the GO terms that displayed over-
representation in 3 distinct categories (cellular component,
molecular function, and biological processes) and the
KEGG pathways. A P value <0.05 was considered
statistically significant.

Model creation and verification

The GSE35959 dataset was used as the training dataset
and the GSE62402, GSE7158, and GSE13850 datasets
were used as the validation dataset. In the training
dataset, the hub gene was used as the feature to obtain
their corresponding expression spectrum and construct
the classification model of support vector machine (26).
The survival function was constructed using the receiver
operating characteristic (ROC) curve (27).

Ethical statement

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).

Statistical analysis

The R package pROC is used for AUC analysis, and the R
package ComplexHeatmap is used for heat map drawing.
All analysis, except for special instructions, uses default
parameters, and data visualization is performed using
ggplot2 in version 3.4.3 of R software.

Results
Identification and functional analysis of the DEGs

A total of 1,589 DEGs were detected between osteoporosis
and normal samples in the GSE35959 dataset, of which

© Annals of Translational Medicine. All rights reserved.

Chen et al. 6-gene signature in osteoporosis

855 genes were found to be upregulated and 734 genes were
downregulated (Figure 24,2B). GO analysis demonstrated
that these DEGs were most significantly enriched in
the negative regulation of calcium ion transmembrane
transport, contractile actin filament bundle, and
transmembrane-ephrin receptor activity. Figure 2C-2E
illustrates the top ten GO terms for the DEGs. KEGG
pathway analysis illustrated that the DEGs were enriched in
6 pathways, including dilated cardiomyopathy and leukocyte
transendothelial migration (Figure 2F).

Identification of co-expression modules using WGCNA

The expression profiles of the osteoporosis samples from
the GSE35959 dataset were mined using the WGCNA co-
expression algorithm for co-expression of coding genes
and co-expression modules. The weighted co-expression
network was built using the R package WGCNA. When
P=12, the co-expression network was shown to be consistent
with the scale-free network (Figure 34). When setting
minModuleSize =80, deepSplit =2, and height =0.25, a
sum of 16 modules was attained (Figure 3B). The analysis
of the association between each module and sample type
(osteoporosis vs. normal) as well as age and gender showed
that the blue module exhibited a significantly positive
association with osteoporosis and a significantly negative
correlation with normal samples. The turquoise module
showed a significant negative correlation with osteoporosis
and a significant negative correlation with normal samples
(Figure 3C). The blue and turquoise modules contained
4,172 and 4,637 genes, respectively.

Furthermore, through the R software package
WebGestaltR (v0.4.3), 4,172 blue module genes and 4,637
turquoise module genes were analyzed by KEGG and GO
function enrichment analysis. Figure 44-4C depicts the
top ten GO terms of the 4,172 genes in the blue model,
which were enriched in biological processes, cellular
components, as well as molecular functions. The KEGG
pathway analysis showed that the 4,172 genes in the blue
model were enriched in 56 pathways, including the thyroid
hormone signaling pathway, apelin signaling pathway, and
tumor necrosis factor (TINF) signaling pathway (Figure 4D).
Figure 4E,4F illustrates the top ten enriched GO terms
of the 4,637 genes in the turquoise model in cellular
components and molecular functions. The KEGG pathway
analysis of the 4,637 genes in the turquoise model showed
enrichment in 29 pathways, including type I diabetes
mellitus (Figure 4G).
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Figure 2 Detection of DEGs in osteoporosis samples compared to normal healthy samples. (A) A volcanic map of the differential genes
identified in GSE35959 dataset; (B) a heat map of the differential genes identified in the GSE35959 dataset; (C) the DEGs were enriched
in certain BPs; (D) the DEGs were enriched in certain CCs; (E) the DEGs were enriched in certain MFs. DEGs, differentially expressed

genes; BPs, biological processes; CCs, cellular components; MFs; molecular functions.
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Figure 3 Identification of the co-expression module using WGCNA. (A) The topology of the network was investigated for a variety of soft-

thresholding values; (B) the module and gene dendrograms and their respective colors; (C) the correlation between the 16 modules and

immune scores. WGCNA, weighted gene co-expression network analysis.

Specifically, we calculated the correlation between genes
and modules in key modules and selected key genes with
correlation greater than 0.7. Based on this, clusterProfile
was used for functional enrichment analysis. A total of
77 GO terms (available online: https://cdn.amegroups.
cn/static/public/atm-22-229-1.xlsx) are enriched in blue
modules, 242 GO Term pathways and 4 KEGG pathways
(available online: https://cdn.amegroups.cn/static/public/
atm-22-229-2 xlsx) are enriched in Turquoise modules. In
general, the results were similar to those of all genes in the
module.

The genes in the blue module and the turquoise module
were intersected with the DEGs in the GSE35959 dataset,

© Annals of Translational Medicine. All rights reserved.

and 664 genes and 540 genes, respectively, were obtained

(Figure 4H).

PPI analysis

The network of protein interactions aids in the discovery of
the core modulatory genes. The STRING (https://string-
db.org/) database is a repository for searching recognized
and anticipated interactions between proteins. STRING
analysis of the PPI networks for the 1,204 DEGs produced
result files that were filtered using Cytoscape (Version:
3.7.2) to find network modules, and the MCODE plug-
in algorithm found one module, MCODEL1 (Figure 5).
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Figure 4 Functional enrichment analysis of the DEGs. (A) The BPs associated with the DEGs in the blue model; (B) the CCs associated
with the DEGs in the blue model; (C) the MFs associated with the DEGs in the blue model; (D) the KEGG analysis of the DEGs in the
blue model; (E) the CCs associated with the DEGs in the turquoise model; (F) the MFs associated with the DEGs in the turquoise model; (G)
the KEGG analysis of the DEGs in the turquoise model; (H) the Venn diagram showing the intersection of the co-expressed DEGs. DEGs,
differentially expressed genes; BPs, biological processes; CCs, cellular components; MFs; molecular functions; KEGG, Kyoto Encyclopedia

of Genes and Genomes.

© Annals of Translational Medicine. All rights reserved.

Ann Transl Med 2022;10(4):210 | https://dx.doi.org/10.21037/atm-22-229



Page 8 of 14

2 i

I
127
7

// ;Ill: 75
= 7
oz ’/,'
il
AL
L
7 q\\:v:'

0
g
)

W

)

\

/\

.«\"
W

\

W
A\
\\

VAR
N ‘W’
)

/ £ /
<

=
WX s{é!/> }:'4 i Y
" »‘\ %'P X
l“ o/

d|
PR
U

"‘r" B ‘,'4.

N \ 0"“\ 4 ‘ ' ' b % 8 ;
WWW‘\‘V i ‘ XA ISANM
RO T e

Chen et al. 6-gene signature in osteoporosis

vgf:\
X
\\

W\ “\w
R ‘\\\\\\'\&&
VAV
i)
\

\‘

Figure 5 The PPI of the genes in the functional modules of the MCODE mining. PPI, protein-protein interaction; MCODE, molecular

complex detection.

Furthermore, the 56 genes of the MCODE1 module were
analyzed by KEGG pathway analysis and GO function
enrichment analysis. Figure 64-6C depicts the top ten
GO terms enriched in the MCODEIL model in biological
processes, cellular components, and molecular functions.
The KEGG pathway analysis showed enrichment in
5 pathways, including the synaptic vesicle cycle (Figure 6D).

© Annals of Translational Medicine. All rights reserved.

Detection of bub genes

The PPI network of the 1,204 DEGs were analyzed to
identify the top 10 hub genes (Figure 74-7C). The hub
genes detected were then traversed, resulting in 6 genes,
namely, epidermal growth factor (EGF), tumor protein p53
(TP53), intercellular adhesion molecule 1 (ICAMI), protein
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Figure 6 Functional enrichment analysis of the MCODE model. (A) The BPs associated with the DEGs in the MCODE model; (B) the
CCs associated with the DEGs in the MCODE model; (C) the MFs associated with the DEGs in the MCODE model; (D) the KEGG
analysis of the DEGs in the MCODE model. MCODE, molecular complex detection; DEGs, differentially expressed genes; BPs, biological

processes; CCs, cellular components; MFs; molecular functions; KEGG, Kyoto Encyclopedia of Genes and Genomes.

kinase camp-activated subunit alpha (PRKACA), paxillin
(PXN), and nerve growth factor (NGF) (Figure 7D).

Establishment and confirmation of the diagnostic models

The GSE35959 dataset was used as the training set, while
the GSE7158, GSE13850, and GSE7429 datasets were
used as the validation set. The 6 hub genes identified
above were used as features in the training dataset, and the
corresponding expression spectra were acquired to build a
support vector machine categorization model with 100%
classification accuracy, and 14 out of 14 samples were
correctly classified. As illustrated in Figure 84, the specificity
and sensitivity of the model were both 100%, and the area
under the ROC curve (AUC) was 1. Validation using the
GSE7158 dataset revealed that 25 out of the 26 samples
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were properly categorized, resulting in a classification
accuracy of 96.2%, a model sensitivity of 100%, a specificity
of 91.7%, and an AUC of ROC curve of 0.958 (Figure §B).
Verification with the GSE13850 dataset showed that all
40 samples evaluated were properly categorized, resulting
in a classification accuracy of 100%, a sensitivity of 100%,
a specificity of 100%, and an AUC of ROC curve of 1
(Figure 8§C). Validation of the GSE7429 dataset also
demonstrated that all 20 samples tested were accurately
categorized, resulting in a classification accuracy of 100%,
a sensitivity of 100%, a specificity of 100%, and an AUC of
ROC curve of 1 (Figure 8D). These findings demonstrated
that the diagnostic predictive model developed here could
successfully discriminate between osteoporosis samples
and normal samples and that the 6 genes identified in
this investigation may be employed as viable markers for
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Figure 7 Detection of the hub genes. (A)The PPI network diagram of the hub genes generated with the Closeness algorithm; (B) a diagram

of the PPI network of the hub genes generated with the Closeness algorithm; (C) a diagram of the PPI network of hub genes generated with

the MNC algorithm; (D) the identification Venn diagram of the hub genes. PPI, protein-protein interaction.

diagnosing patients with osteoporosis.

Discussion

Osteoporosis continues to affect millions of people
worldwide each year. The disease is characterized by
impaired bone mass, resulting in reduced bone formation,
a high incidence of brittle fractures, and significant loss of
quality of life, especially in the elderly population. Further
studies examining bone biology, as well as the molecular
mechanisms and signaling networks involved will provide
crucial insights that may lead to the discovery of novel
treatments (7). Osteoporosis patients in the GSE35959
dataset, as well as healthy controls, were analyzed and
compared, and the support vector machine (SVM) classifier
method was adopted in combination with the significantly
expressed mRINAs. The results showed that the SVM index
of the 6 mRNA expression features showed a high AUC

© Annals of Translational Medicine. All rights reserved.

in the GSE35959 dataset. The data from different GEO
datasets were verified, and the SVM classification algorithm
was used for cross-validation analysis. This research was
a bioinformatics study, involving differential expression
analysis, WGCNA, PPI, KEGG, and GO analysis, of
osteoporosis samples in the GEO database. The aim was to
identify diagnostic models of osteoporosis for clinical use.
Pharmacological treatment could prevent osteoporotic
fractures. Currently, available treatments for osteoporosis
are antiresorptive, which inhibits osteoclasts, bone
forming, which stimulates osteoblasts, and dual acting
that simultaneously stimulates osteoblasts and inhibits
osteoclasts (28). Generally, the anti-resorptive options
for treatment are receptor activator of nuclear factor
k-B ligand (RANKL) antibody, bisphosphonates, and
selective oestroger receptor modulators (SERMs) that
either suppress osteoclast recruitment (selective oestrogen
receptor modulators and RANKL antibody) or cause

Ann Transl Med 2022;10(4):210 | https://dx.doi.org/10.21037/atm-22-229
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Figure 8 Construction and validation of the diagnostic models. (A) The categorization results and ROC curve of the GSE35959 samples in
the diagnostic model; (B) the categorization results and ROC curve of the GSE7158 samples in the diagnostic model; (C) the categorization
results and ROC curve of the GSE13850 samples in the diagnostic model; (D) the categorization results and ROC curve of the GSE7429

samples in the diagnostic model. OP, osteoporosis; ROC, receiver operating characteristic.

abaloparatide is currently available only in the US (28). As a
dual-acting treatment option, romosozumab is could inhibit
bone resorption while at the same time stimulates bone

osteoclast apoptosis (bisphosphonates). Abaloparatide
and Teriparatide [parathyroid hormone (PTH), amino
acids 1-34] are regarded as bone-forming treatments, but
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formation (29).

In the present study, a total of 1,589 DEGs were
identified and these were mainly associated with the PI3K-
Akt signaling pathway and the extracellular matrix. Six hub
genes, including EGF, TP53, ICAM1, PRKACA, PXN, and
NGF, were identified and used to build a diagnostic model
for osteoporosis. Over the past few years, the function of the
EGF family members in bone biology has been established.
EGF can enhance the proliferation and migration of bone
marrow stromal cells (BMSC), which are the major source
of interstitial tissue regeneration as they can produce
osteoblasts, chondrocytes, and adipocytes. Many human
disorders are associated with mutations in the 7P53 gene,
which results in loss-of-function of the p53 protein (30).
The P53 gene transcription modulator not only serves as
an advanced age marker, but also performs an important
role in the occurrence and progression of osteogenesis (31).
Researchers have discovered that p53 may suppress
osteogenesis by interfering with the activity of mesenchymal
stem cells, which is controlled by the microRNA (miRNA)
signaling pathway. Several earlier investigations have shown
that ICAM-1 is involved in osteogenic differentiation as well
as bone regeneration. Moreover, ICAM-1 has been shown
to suppress the osteogenesis of BMSCs and may provide a
novel molecular target for accelerating bone re-growth and
repair in an inflammatory milieu (32,33). Paxillin is a speck-
related regulatory protein that regulates actin dynamics and
the cytoskeleton at the onset of cell migration (34). NGF
is involved in the differentiation of bones and the repair of
fractures (35,36). In osteoporosis, NGF regulates the growth
of pro-inflammatory cytokines such as TNF and interleukin
(IL)-1 in the bone marrow (37). There have been no reports
of protein kinase camp-activated subunit alpha (PRKACA)
related to osteoporosis. These results suggested that the 6
hub genes may be used as potential prognostic markers of
osteoporosis. Also, we obtained IncRNA-miRNA and gene-
miRNA interaction data from starBaseV3 database. Based
on ceRNA hypothesis, we constructed statistical models
to evaluate the potential relationship between gene and
IncRNA. A total of 388 ceRNAs were obtained by selecting
FDR <0.01 (available online: https://cdn.amegroups.cn/
static/public/atm-22-229-3 xlsx).

This report identified the potential genes for predicting
the prognosis of osteoporosis using bioinformatics
techniques from a large sample. However, there were
some limitations in the present research. First, the clinical
follow-up data for the samples were not available, and
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thus, other possible confounding variables, such as health
status, were not considered when identifying biomarkers.
Second, the findings acquired from bioinformatics analysis
alone are insufficiently persuasive and require additional
experimental validation. Therefore, it is necessary to
conduct experimental and genetic investigations with larger
sample sizes for further validation.

Overall, the 6-gene signature appears to be a potential
diagnostic marker for osteoporosis that could separate
patients from the general population. These six genes
may be potential targets for the treatment of osteoporosis.
Therefore, in-depth exploration of the functions of these
genes in osteoporosis may provide further important
insights for the early detection, prevention, and treatment
of osteoporosis.
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