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Background: Lipid droplet autophagy (lipophagy) is the breakdown and recycling of lipids within cells via autophagy. Some research
suggests that enhancing lipophagy could have potential benefits for bone health. This study aimed to determine the key genes linked to
lipophagy in osteoporosis (OP) and provided a reference for the treatment of OP.

Methods: The study analyzed OP-related datasets (GSE56815, GSE62402) and lipophagy-related genes (LRGs). Candidate genes
associated with lipophagocytosis were identified through differential expression (DE) analysis and weighted gene co-expression
network analysis (WGCNA). The minimum absolute contraction selection operator (LASSO), support vector machine recursive
feature elimination (SVM-RFE) and Boruta algorithm are used to identify candidate genes for OP-related feature genes, and the
expression of key genes is analyzed. In addition, we constructed a nomogram to predict the incidence of OP patients. Subsequently,
multiple bioinformatics tools were used to reveal the associations between key genes and OP. Finally, quantitative real-time
polymerase chain reaction (QRT-PCR) was used to detect the expression levels of key genes.

Results: Eight signature genes were identified by machine learning. Only EIF3K and SHMT2 had consistent, significantly different
expression trends between OP and control in GSE56815 and GSE62402, being up-regulated in OP. Thus, they were recognized as
lipophagy-related key genes. Enrichment analysis showed that EIF3K is related to “Mitochondrial cell assembly”, etc., and SHMT2 to
“Arf-3 pathway”, etc. Both genes negatively linked to activated dendritic cells and mast cells. In regulatory networks, hsa-let-7 family
miRNAs were upstream of these genes. Clindamycin and SCHEMBL14520730 targeted them. SHMT2 and EIF3K expression trends
matched bioinformatic results.

Conclusion: This study identified lipophagy-related key genes (EIF3K and SHMT2) in OP, which contributed to the early diagnosis
and clinical treatment of OP.

Keywords: lipophagy, osteoporosis, EIF3K, SHMT2, key genes

Introduction

Osteoporosis (OP) is a systemic bone disease caused by a variety of reasons. The main characteristics are decreased bone
density and bone quality, damage to bone microstructure, increased bone fragility, and a state prone to fracture. It is
a systemic metabolic disorder. In the early stages, some patients may have no obvious symptoms, while others may
experience symptoms such as mild pain or decreased activity tolerance." As the disease progresses, especially when
a fracture occurs, more obvious symptoms such as pain, reduced height, hunchback, and increased risk of fracture may
become apparent.” These manifestations can significantly affect the patient’s quality of life and mobility. OP is
a degenerative disease of the bone that is more common in the elderly and postmenopausal women. With the extension
of human life span and the development of an aging society, fractures caused by osteoporosis have greatly increased the
disability rate and mortality rate of the elderly and significantly increased the economic burden of social public health.?

The World Health Organization recommends dual-energy x-ray absorptiometry to measure bone mineral density (BMD)
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of the spine and proximal femur as a baseline for diagnosing OP and its severity. Due to the insidious onset of OP,
patients are often not diagnosed until the first osteoporotic fracture occurs.* Therefore, there is an urgent need to find
biomarkers that can diagnose OP early, which is essential to initiate treatment before fracture symptoms appear.

Lipophagy is a type of selective autophagy. To prevent excessive accumulation of lipids in cells, cells selectively
recognise and degrade cholesterol esters and triglycerides in lipid droplets by activating autophagy- related molecules to
produce free cholesterol, fatty acids and glycerol. In this way, it is involved in maintaining intracellular lipid homeostasis
and regulating cellular lipid metabolism.”> Reduced bone strength in postmenopausal osteoporosis patients is usually
accompanied by an increase in the amount of adipose tissue in the bone marrow and a decrease in bone mass.® In
addition, it has been suggested that the presence of fat infiltration in the bone marrow cavity is a result of osteoporosis,
especially in menopausal women, and that a possible source of lipid formation in the bone marrow is the disruption of the
balance between osteoblasts and fat cell production from bone marrow mesenchymal stem cells, with the latter
dominating.” Osteoblasts have a phenomenon of lipid droplet accumulation under various pathological and aging
conditions, which is further described as an increase in lipid content within the bone cortex, which may lead to the
occurrence of age-related OP.*° In particular, recent studies have found that fat autophagy plays an important role in
bone metabolism, especially the effect on osteoporosis under high fat conditions.'® High-fat diet-induced lipid metabo-
lism disorders can alter the bone microenvironment and affect the normal function of bone cells, leading to
osteoporosis.'! Lipoautophagy regulates lipid metabolism and energy balance by degrading intracellular lipid droplets
and is essential for maintaining the health of bone cells.'> Under high lipid conditions, the activation of lipoautophagy
can reduce lipid deposition in osteoblasts and alleviate the adverse effects of high lipid environment on osteoblast
proliferation and osteogenic differentiation.'®> However, when lipid concentrations are too high, over-activated lipoauto-
phagy inhibits osteoblast proliferation and differentiation, leading to reduced bone formation.'* In addition, in vivo
studies have also shown that activation of lipoautophagy is strongly associated with decreased bone mass in a mouse
model of high-fat diet-induced osteoporosis.'> These results suggest that lipoautophagy plays a complex dual role in bone
metabolism, and the maintenance of its balance is of great significance for the prevention of osteoporosis. The above
studies indicate that lipophagy is closely related to OP. However, until now, no relevant studies have further explored the
specific characteristics and mechanisms of lipid phagocytosis in OP.

To fill this gap, this study employed bioinformatics tools and machine learning algorithms to identify key genes
associated with lipoautophagy in osteoporosis. Bioinformatics methods enable comprehensive analysis of large-scale
gene expression data to identify potential biomarkers and therapeutic targets. By integrating data from multiple sources,
we aim to uncover the underlying molecular mechanisms of lipodroplet autophagy in osteoporosis and provide
a theoretical basis for early diagnosis and treatment.

Materials and Methods

Data Source

The OP-related microarray data (GSE56815 and GSE62402) were retrieved from the GEO platform (http://www.ncbi.
nlm.nih.gov/geo/), and samples were derived from blood mononuclear cells from subjects who had their BMD measured,
with low BMD subjects being considered as OP samples and high BMD subjects being considered as control samples.
The GSE56815 dataset (GPL96 platform) included transcriptome data from 40 low BMD and 40 high BMD samples, as
well as the GSE62402 dataset (GPL5175 platform) contained transcriptome data from 5 low BMD and 5 high BMD
samples. The GSE230665 dataset (GPL10332) contained transcriptome data from 12 low BMD and 3 high BMD samples
and was used as a validation set. Additionally, the “REACTOME_LIPOPHAGY” gene set in the Molecular Signatures
Database (MSigDB, https://www.gsea-msigdb.org/gsea/msigdb) provided 9 lipophagy-related genes (LRGs), namely
PLIN3, PRKAG2, HSPA8, PRKAB1, PRKAG3, PRKAB2, PLIN2, PRKAA2, and PRKAGI.

Weighted Gene Co-Expression Network Analysis (WGCNA)

To identify genes associated with autophagy in lipophagy, WGCNA was performed through WGCNA package (v 1.7.1).'
Based on all samples of GSE56815 dataset, the single-sample gene set enrichment analysis (ssGSEA) enrichment scores of
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the LRGs were computed using “GSVA”-package (v 1.46.0),'” followed by a violin plot to demonstrate their differences
between the OP and control samples. Subsequently, LRG score was utilized as traits to screen for key gene modules by
constructing co-expression networks via the “WGCNA”-package (v 1.7.1). Specifically, the samples were analyzed for
clustering to examine and remove outliers, with the aim of ensuring the accuracy of subsequent analyses. Next, the soft
threshold power (B) from 1 to 20 was set to select the best threshold based on the criterion that the network was close to
a scale-free distribution. The clustering tree of the system is derived from the adjacency relationship and similarity between
genes, and a co-expression network is constructed according to the criteria of the hybrid dynamic cut tree algorithm.
Immediately thereafter, correlation heatmap of trait-module was presented, with particular attention paid to the modules
with the highest positive and negative relevance to the trait (LRGs score) and the module genes they contained. Finally, we
filtered the above modular genes using gene significance (GS) and module membership (MM), followed by obtaining key
module genes with cut-off criteria of |GS|>0.2 and MM|>0.5.

Differential Expression Analysis and Enrichment Analysis
To identify differentially expressed genes (DEGs) in OP and control samples, differential expression analysis was
performed. Specifically, based on the samples in GSE56815 dataset, the identification of DEGs between OP and control
samples was implemented using “limma”-package (v 3.54.0),'® with the cut-off criteria of P.adjust <0.05. The DEGs
were demonstrated by generating volcano map and heat map with the “ggplot2”-package (v 3.4.4)'" and “pheatmap”-
package (v 1.0.12),%° respectively. Subsequently, key module genes were crossed with DEGs to yield DEGs associated
with lipophagy, which were recorded as candidate genes.

To elucidate the biological mechanisms of candidate genes, Gene Ontology (GO) annotation and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment analyses were implemented via “clusterProfiler”-package (v
4.7.1.003).2" The threshold was set to P.adjust<0.05.

Machine Learning Algorithms and Expression Level Analysis
For further selection of genes associated with OP, in GSE56815, the candidate genes obtained above were incorporated
into machine learning algorithms, including least absolute shrinkage and selection operator (LASSO), support vector
machine recursive feature elimination (SVM-RFE), and Boruta, in order to further screen signature genes associated with
OP. LASSO analysis was carried out with via the “glmnet”-package (v 4.1-4),>> where the most important signatures
could be efficiently selected by a suitable choice of lambda, sing 10-fold cross-validation to optimize the model
performance. Eventually, the LASSO regression selected Lambda.min as the best model. Lambda.min was the
Lambda value that minimized the error of the model on the test set during the cross - validation process. The model
corresponding to this value performed best in balancing model complexity and prediction accuracy. It could effectively
avoid overfitting and ensure that the model had good prediction ability. In addition, in order to further improve the
reliability and generalization ability of the model and provide more accurate feature selection results, we applied the
Support Vector Machine Recursive Feature Elimination (SVM-RFE) method to the same feature genes and dataset.
During the operation, we used the “caret”-package (v 6.0-93) to calculate the weight of each feature. Subsequently, we
ranked these features according to their weights.!” Next, we carried out a 5-fold cross-validation to optimize the model
and determine the optimal feature subset. It was used for subsequent analysis and model construction. Boruta algorithm
determined the final signature genes by iteratively removing genes of low relevance with the help of the “Boruta”-
package (v 8.0.0).>* The model was iterated 100 times. Each time, a random forest model was used to evaluate the
original and shadow features and calculate the scores. Based on these scores, the features were classified into three
categories: confirmed, tentative, and rejected. An “importance threshold” was set. When the importance score of an
original feature was significantly higher than the 95th percentile of the importance scores of the shadow features, the
probability of it being labeled as “confirmed” increased. After 100 iterations, the features that were labeled as
“confirmed” multiple times became the important gene set selected by the Boruta algorithm. Immediately thereafter,
signature genes from three algorithms were crossed to provide intersecting signature genes.

In addition, the expression levels of these intersecting signature genes between OP and control groups were shown in the
GSES56815 and GSE62402 datasets. Importantly, the key genes were selected based on expression stability, so we selected as
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key genes those genes that had significant expression differences between the two groups and had consistent expression trends
in two datasets. To validate the expression of the key genes, based on the independent dataset GSE230665, we performed
a t-test using the ggpubr (V 0.4.0) package and plotted a boxplot using ggplot2 to illustrate the gene expression of the samples
in the two groups. Finally, Pearson correlation analysis was performed via the “psych”-package (v 2.2.9) (https://www.
geeksforgeeks.org/psych-package-in-1/) to reveal relationships between key genes.

Creation of the Nomogram

In order to forecast the incidence of OP patients by integrating key genes, a nomogram was constructed in the GSES6815
dataset via the “rms”-package (v 6.5-0).>* What’s more, calibration curve was created to determine the forecasting ability
of nomogram, as well as decision curve analysis (DCA) was employed to assess the utility and validity of nomogram in
clinical practice. In addition, ROC curve was generated using the “plotROC”-package (v 2.3.1).>* Next, based on the
GSE230665 dataset, taking whether the samples had the disease as the outcome event, we constructed a nomogram
model of the biomarkers using the R package “rms” and generated a ROC curve using the “plotROC” package to
evaluate the prediction accuracy of the nomogram.

Gene Set Enrichment Analysis (GSEA)

Enrichment analysis was applied to elucidate the biological pathways in which key genes were involved in OP patients. In
this study, based on all samples from the GSE56815 dataset, Spearman-test was accomplished to compute the correlation
coefficients between the key genes and the remaining genes, followed by ranking the genes based on the coefficients. Next,
the KEGG gene set (c2.cp.v7.2.symbols.gmt) was extracted from the MSigDB as the background gene set, and GSEA was
executed via “clusterProfiler”-package (v 4.7.1.003)*' with the threshold values of [NES|>1, P<0.05, and FDR<0.25.

Immune Infiltration Analysis

To further explore the relationship between OP and immune microenvironment, immune infiltration analysis was performed.
Depending on ssGSEA method, our study evaluated the infiltration of immune cells in all samples of GSE56815 dataset via
the “GSVA”-package (v 1.46.0),'° followed by Wilcoxon-test to compare the differential immune cells in OP and control
samples. Importantly, we focused more on the relationship between key genes and immune infiltrating cells through
completing Spearman-test. Results with |cor[>0.3 and P<0.05 were regarded as remarkably associated.

Construction of Regulatory Networks
To understand the potential regulatory mechanisms of key genes, transcription factors (TFs) regulating key genes were
predicted by accessing the ENCODE database based on NetworkAnalyst online platform (https://www.networkanalyst.

ca/faces/home.xhtml).?* In addition, microRNAs (miRNAs) targeting key genes were searched with the help of the

TarBase (http:/diana.imis.athena-innovation.gr/DianaTools),”® and subsequently the upstream long non-coding RNAs

(IncRNAs) of these miRNAs were yielded by accessing the StarBase (http://starbase.sysu.edu.cn/).”” Regulatory net-
works of TE-mRNA and IncRNA-miRNA-mRNA were generated via Cytoscape software (v 3.9.1).%%

Drug Prediction and Molecular Docking
This study accessed the Drug Signatures database (https://dsigdb.tanlab.org/DSigDBv1.0/) to predict drugs targeting key

genes and to analyze their interactions, with the aim of facilitating accurate drug prediction and informing therapeutic
interventions. Following this, the top 10 drugs were demonstrated based on the ranking of drug-key gene interaction
scores, as well as the binding energy (BE) between these 10 drugs and key genes was calculated with the use of the CB-
Dock online molecular docking tool (https://cadd.labshare.cn/cb-dock/php/blinddock.php). It was generally accepted that

their interaction was stable when BE < —5 kcal/mol.

What’s more, we chose the drugs that acted most stably with the key genes to further explore the docking patterns
between them. Specifically, the 3D structure of the drug and the crystal structure of the key gene-encoded protein were
downloaded using PubChem website (https://pubchem.ncbi.nlm.nih.gov/) and UniProt website (https://www.uniprot.org/),
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respectively. Docking experiment was then performed through the CB-Dock online molecular docking tool, followed by
visualization of the docking results using the PyMOL software (v 3.1.1).%°

Quantitative Real-Time Polymerase Chain Reaction (qRT-PCR)

We collected whole blood samples from 5 OP patients and 5 normal subjects for qRT-PCR to verify the expression levels
of key genes. The experiment was approved by the Ethics Committee of The Second People’s Hospital of Guiyang
(approval number: JYYY-2024-WZ-15).

According to the manufacturer’s protocol, total RNA was extracted from blood samples using TRizol reagent (Ambion).
The cDNA was subsequently synthesized by reverse transcription of mRNA using the SweScript First Strand cDNA
Synthesis Kit (Wuhan Servicebio Technology Co., Ltd). A total of 40 cycles of reaction were carried out with the aid of the
CFX96 Real-Time Quantitative PCR System: 95°C for 1 minute, 95°C for 20 seconds, 55°C for 20 seconds, and 72°C for
30 seconds. The primer sequences were listed in Table 1. Relative expression of gene was calculated using the 2724

method with GAPDH as the reference gene. GraphPad Prism 5 was used for graphing and statistical analysis.

Statistical Analyses

R software was used for all statistical analyses. Differential expression analysis was performed using the “limma”
package (v3.54.0). Differential expression analysis was performed using the “limma” package (v3.54.0). Weighted Gene
Co-expression Network Analysis (WGCNA) was performed using the “WGCNA” software package (v1.7.1). The
Minimum Absolute Contraction and Selection Operator (LASSO) is implemented using the “glmnet” package
(v4.1-4). Support vector machine recursive feature removal (SVM-RFE) was performed using inserted symbol packs
(v6.0-93), and low-correlation genes were iteratively removed using Boruta algorithm (v8.0.0). The analysis of func-
tional enrichment was carried out using the “clusterProfiler” package. Additionally, ROC curves were plotted using the
“plotROC” package, and nomograms were constructed using the “rms” package. Genset enrichment analysis (GSEA)
was performed using the “clusterProfiler” software package (v4.7.1.003), using the KEGG gene set as the background
gene set, and the threshold was set to] NES| > 1, P < 0.05, FDR < 0.25. Immune infiltration analysis was conducted using
the “GSVA” package (v1.46.0), and Spearman correlation coefficients were used for correlation analysis.

Results
The flowchart of the data processing steps for the results of this study is shown in Supplementary Figure 1.

The 285 Key Module Genes Were Obtained Through WGCNA

In GSES6815 dataset, the LRGs score between OP and control samples were significantly different, with significantly higher
score in OP samples (P <0.05) (Figure 1a). With respect to WGCNA, the results of the cluster analysis indicated that no outlier
was found (Figure 1b). When § was equal to 7, the scale-free topological fit index was greater than 0.85 (red line) and the mean
connectivity tended to zero (Figure 1c). Based on correlation clustering, nine gene modules were classified and assigned
different color labels (excluding grey) (Figure 1d). Among them, the MEgreen had the highest positive relevance to LRGs
score (cor=0.46 and P<0.001) and the MEmagenta had the highest negative relevance to LRGs score (cor=—0.33 and P=0.003)
(Figure 1e). Eventually, 285 genes included in MEgreen and MEmagenta that met the criteria of |GS[>0.2 and [MM[>0.5 were
determined to be key module genes highly correlated with the LRGs score (Figure 1f).

Table | RT-qPCR Primer Sequence List

Gene Forward Primer Reverse Primer

EIF3K AGCCTTCTTTCAGACCACGG AGCTGGCTGTACTTTCGGAC
SHMT2 | GCACAGTGGGGAGTCAATGT GTCAGTGCCAGGTTGAGCTTAT
GAPDH | CGAAGGTGGAGTCAACGGATTT | ATGGGTGGAATCATATTGGAAC
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Identification of 28 Candidate Genes and Enrichment Analysis
In GSE56815 dataset, there were 2,613 DEGs between the OP and control controls, including 1,766 up-regulated and 847
down-regulated genes in OP samples (Figure 2a and b). Subsequently, the Venn diagram illustrated 28 candidate genes by
overlapping 2,613 DEGs and 285 key module genes (Figure 2c).

These 28 candidate genes were enriched and analyzed, yielding 426 GO entries [318 biological processes (BPs), 54
cellular components (CCs), and 54 molecular functions (MFs)] and 10 KEGG signaling pathways (P.adjust < 0.05). With

CLINNT3

respect to GO, the top 10 entries were mainly related to “box C/D snoRNP assembly”, “small nucleolar ribonucleoprotein
complex assembly”, “RPAP3/R2TP/prefoldin-like complex”, “mitochondrial inner membrane”, “oxidoreductase activity,
acting on the CH-CH group of donors”, and so on (Figure 2d). KEGG analysis elucidated that candidate genes were

engaged in “Peroxisome”, “Phagosome”, “Natural killer cell mediated cytotoxicity”, etc. (Figure 2e).

EIF3K and SHMT2 Were Determined to Be Key Genes in OP

The LASSO algorithm yielded 14 signature genes associated with OP at optimal lambda = 0.0349289 and when the
coefficients of the genes were not penalized to zero, including RACI, EIF3K, RUVBL2, PTAFR, SNXI, HLA-E, SHMT?2,
CARKD, COX20, NIT1, VPS72, COQ9, ATRIP, and RNH1 (Figure 3a). The SVM-RFE algorithm selected the model with
the highest accuracy, containing 24 signature genes (Figure 3b). Furthermore, Boruta analysis selected 12 signature genes
based on each signature’s importance (Figure 3c). Next, the overlapping analysis of the signature genes obtained by the
three algorithms, resulting in eight intersecting signature genes, namely RACI, EIF3K, RUVBL2, PTAFR, HLA-E,
SHMT?2, NIT1, and RNHI (Figure 3d).

What’s more, the GSE56815 and GSE62402 datasets were utilized to conduct the expression analysis of these genes,
which revealed that EIF3K and SHMT? significantly differed between the OP and control groups (P < 0.05) and were all
considerably up-regulated in OP samples (Figure 3e and f). At the same time, we conducted an expression level
validation based on the dataset GSE230665. The results showed that both EIF3K and SHMT2 were significantly more
highly expressed in the OP group than in the other group among the two groups (p < 0.01), which was consistent with
their expression patterns in the training group (Supplementary Figure 2a and b). Therefore, EIF3K and SHMT2 were

considered key genes associated with lipophagy in OP. Notably, the expression levels of EIF3K and SHMT2 were
remarkably positively correlated (Figure 3g).

Building an Effective Nomogram for Diagnosing OP

We constructed a nomogram model in GSE56815 dataset in order to facilitate the clinical use of selected two key genes
to predict the occurrence of OP (Figure 4a). The slope of the calibration curve approached 1 and the AUC value in the
ROC curve was greater than 0.7, implying that the accuracy of the nomogram in forecasting OP was favorable (Figure 4b
and c¢). The DCA results showed that the nomogram produced a net benefit (Figure 4d); in other words, the nomogram
had a high degree of clinical utility. Meanwhile, based on the independent validation set of GSE230665, a nomogram
model was constructed (Supplementary Figure 2¢). The AUC value of the ROC curve was 0.972, which indicated that the

nomogram had good accuracy in predicting OP (Supplementary Figure 2d).

Multiple Enrichment Pathways for Key Genes Were Explored

To further elucidate the signaling pathways linked to the two key genes, GSEA was performed in GSE56815 dataset. The
genes EIF3K and SHMT?2 were enriched in 319 and 201 KEGG pathways, respectively. The top 5 pathways were selected
for visualization based on enrichment score ranking. The results indicated that E/F3K was remarkably linked to “SM
pathway”, “PECAM-1 interaction”, “Electron transport chain in mitochondria”, “Mitochondrial cell assembly”, and
“Oxidative phosphorylation” (P < 0.05) (Figure 5a). SHMT?2 expression was significantly correlated with “Arf-3 path-
way”, “Mitotic telophase cytokinesis”, “Transport of nucleosides, free purines and pyrimidine bases on the plasma
membrane”, “VLDLR internalization and degradation”, and “H19 action Rb-E2F1 signaling and CDK beta-catenin
activity” (P < 0.05) (Figure 5b). These analyses indicate that key genes are highly associated with these biological
pathways, providing valuable insights into the underlying molecular mechanisms of OP.
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Figure 3 Screening of key genes in OP. (a) The LASSO logistic regression coefficient penalty plot. (b) Accuracy of the model under different features. (c) Boruta algorithm
to identify candidate key genes. (d) Venn diagram of candidate genes. (e) Plotting the expression violin of candidate genes in OP group and control group (training set
GSE56815); * p < 0.05; ** p < 0.01; ¥* p < 0.001.(f) Plotting the expression violin of candidate genes in OP group and control group (validation set GSE62402); * p < 0.05; **
p < 0.01; ¥** p < 0.001. (g) Correlation scatter plot of expression levels of key genes. ns, not significant.
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Key Genes Were Linked to Immune Infiltrating Cells in OP

The infiltration abundance of 28 types of immune cells in OP and control groups of the GSE56815 dataset was shown in
Figure 6a. Among them, the activated dendritic cells and mast cells were significantly different between the OP and control
groups, and both of them were down-regulated in the OP samples (P < 0.05) (Figure 6b). Furthermore, Spearman correlation
demonstrated that both E/F3K and SHMT?2 were significantly positively linked to CD56dim natural killer cells (cor>0.3,
P<0.001), while significantly negatively linked to immature B cell (cor<-0.3, P<0.001) (Figure 6¢ and d). What’s more, we
could observe that both key genes were negatively correlated with two differential immune cells (activated dendritic cells and
mast cells) identified. In summary, these immune cells might have an impact on the development of OP by influencing key genes.

Key Genes Were Regulated by Multiple Molecules

A total of 88 TFs were predicted, including 47 TFs targeting EIF3K and 61 TFs targeting SHMT2, and the network of TF-key
genes was displayed in Figure 7a. It could be found that 20 TFs (ZNF324, ZNF76, ZNF71, ZNF2, ZNF143, etc.) could
regulate two key genes simultaneously. Furthermore, 77 miRNAs and 24 IncRNAs were predicted based on public databases,
of which 59 miRNAs targeting SHMT2 and 28 miRNAs targeting EIF3K. In IncRNAs-miRNAs-mRNAs network, multiple
relationship pairs were found (Figure 7b), such as, IncRNA (STAG3L5P-PVRIG2P-PILRB) could regulate EIF3K expression
via miRNAs (hsa-miR-16-5p, hsa-miR-15b-5p, and hsa-miR-424-5p), as well as the miRNAs of the hsa-let-7 family (hsa-let
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-7a-5p, hsa-let-7b-5p, hsa-let-7d-5p, hsa-let-7e-5p, hsa-let-7{-5p, hsa-let-7g-5p, and hsa-let-7i-5p) were important upstream

miRNAs for two key genes, implying that these might be important therapeutic targets for OP.
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Figure 6 Immune infiltration analysis of key genes. (a) Plotting 28 immune infiltrating cells in high BMD and low BMD situation box lines. (b) Differences in immune

infiltrating cells between high BMD and low BMD. ns, not significant; *, p < 0.05. (c-d) Correlation analysis of key genes and immune infiltrating cells.

Key Genes Had Good Binding Effects with Predicted Drugs
Through a thorough analysis of the DSigDB database, 29 drugs were retrieved, including four drugs targeting E/F3K and
27 drugs targeting SHMT2 (Figure 8a). Of these, clindamycin and SCHEMBL14520730 were common drugs that
targeted two key genes. The top 10 drugs selected on the basis of the drug-key gene interaction score were considered
to be potential drugs that could be used to treat OP and for subsequent analyses. These 10 potential drugs included
SCHEMBL14520730, clindamycin, uracil, pyridoxal phosphate, methylergometrine, primidone, valinomycin, bensera-
zide, NSC25485, and DL-METHIONINE (Table 2).

In addition, the molecular docking results indicated that the BE values of most of the drugs to the key genes were less
than —5 kcal/mol (Table 3), implying that their interactions were stable We were particularly interested in the molecular
docking patterns between the most active drugs and the corresponding key genes. However, no interacting hydrogen
bonds were found in EIF3K-SCHEMBL14520730, so we visualized the molecular docking patterns of EIF3K-
NSC25485 and SHMT2-SCHEMBL14520730 (Figure 8b and c).
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Expression of SHMT2 and EIF3K Was Different in Control and OP Samples

With respect to the qRT-PCR results, the expression of SHMT2 was found to be significantly different between OP and
control samples (P = 0.034) (Figure 9a), with higher expression in OP samples, which was consistent with the
bioinformatics results. However, E/F3K expression was not significantly different (P > 0.05) between the OP and control
groups (Figure 9b), which may be attributable to the small sample size.

Orthopedic Research and Reviews 2025:17 hetps: 353



Hu et al

a b

paclitaxgl——
Sy ¢

—ber(serazide racil)

émikac ~ndnobenzone
dexibuprgfen MG-262
/ T N, N
carmustine vélinomygin
dilé{a;éﬁl Pentabromodipheny!
4 >ether/
P{\SC25;1/B5 (‘serine)
SCHEMBL14520730 O\ N
— S corbic acid
clindamygin @ —_ G
= ~primidone
t’éaclo%é:n L\
Z ‘ thapsigargin
CafﬁP'OIH?Ci“ méthotreyate
DL-MIETHIONINE $piperode

NICKE!' CH,FOBI,D \ g)ethflerg&jnetrine

pyridéxal physphel e 0 Dol
PR T ac/iintrofL{raW?b'fm'
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Discussion

OP is a common disease associated with aging. Autophagy plays a crucial role in maintaining bone homeostasis, and the
changes in this pathway are related to the occurrence of osteoporosis to a certain extent.’*>' It has been confirmed that
inhibiting autophagy of osteoclasts can inhibit bone mass loss to a certain extent.**** However, the molecular
mechanism of lipophagy in OP remains unclear, and reliable biomarkers are lacking in the absence of obvious symptoms
in the early stages of OP. Therefore, it is necessary to further explore the molecular mechanisms of lipid phagocytosis in
OP. In this study, we identified two key genes, eukaryotic translation initiation factor 3K (EIF3K) and serine hydro-
xymethyltransferase 2 (SHMT2), through bioinformatic methods. These genes may play an important role in the
pathogenesis of OP and provide an important reference for early diagnosis and prevention of OP.

SHMT?2 is a mitochondrial enzyme that is essential for mitochondrial function and may influence osteoporosis
through its role in mitochondrial homeostasis.>® The deletion of SHMT2 in human cells or mice can lead to blocked
translation of respiratory chain complex proteins in mitochondria, respiratory chain dysfunction, and low oxidative
phosphorylation efficiency.’®>” All these evidences suggest that SHMT2 plays an important role in the maintenance of

Table 2 Potential Drugs for OP

Drug Name Combined Score | Molecular Formula
SCHEMBL14520730 | 314,087.1803 CI19H2402
Clindamycin 184467.4536 CI8H33CIN205S
Uracil 4348.372853 C4H4N202
Pyridoxal phosphate | 4167.853939 C8HIONO6P
Methylergometrine | 2325.430439 C20H25N302
Primidone 1256.205283 CI2H14N202
Valinomycin 986.4817999 C54H90N6O 18
Benserazide 702.8249232 CIOHI5N305
NSC25485 669.392069 C29H44012
DL-METHIONINE 489.4099827 CH3S(CH2)2CH(NH2)COOH

Abbreviation: DL-METHIONINE, DL-2-amino-4-(methylthio) butyric acid.
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Table 3 Binding Energy of Potential Drugs
and Key Genes

Drug Name Gene Name | BE

SCHEMBL14520730 | EIF3K =73
Clindamycin EIF3K —6.1
NSC25485 EIF3K —6.9
SCHEMBL14520730 | SHMT2 -8.7
Clindamycin SHMT2 -7.2
Uracil SHMT2 -5.2
Pyridoxal phosphate | SHMT2 -6.7
Methyler gonovine SHMT2 -85
Primidone SHMT2 7.5
Benserazide SHMT2 -7.8
DL-METHIONINE SHMT2 —4.9

Abbreviations: EIF3K, Eukaryotic translation initiation
factor 3 subunit K; SHMT2, Serine
Hydroxymethyltransferase 2; DL-METHIONINE, DL-
2-amino-4-(methylthio) butyric acid; BE, Binding Energy.

mitochondrial function. Lee et al*® established osteoporosis models in wild-type C57BL/6 mice and Pink-/mice by
ovariectomy and analyzed their bone parameters 4 weeks after surgery. Bone parameter analysis suggested that compared
with other groups, the volume fraction, number and thickness of bone trabecular of Pinkl-/- mice in OVX group
decreased, while the bone trabecular space increased significantly. siRNA silencing of Pinkl in MC3T3-E1 progenitor
cells revealed that mitochondrial homeostasis in MC3T-E1 cells was impaired and a large amount of ROS was produced,
which severely inhibited its osteogenic differentiation ability. The miR-18la is highly expressed in osteoporotic mice, and
the level of osteoprotegerin (OPG) can be regulated target-oriented to affect osteoclast activity. In conclusion, SHMT?2
may be associated with osteoporosis.*® The above studies suggest that SHMT?2 may affect OP through mitochondria. This
suggests that SHMT2 may be a potential therapeutic target for OP.

EIF3K is a subunit of the eukaryotic translation initiation factor 3 and may be involved in oxidative stress, which is
associated with osteoporosis.*’ EIF3K gene was enriched into chemokine and TGF- signaling pathways. The SHMT2 gene is
enriched into pathways such as cell response to stimuli and metabolism of amino acids and their derivatives. Study found that
disc displacement resulted in a significant increase in articular surface pressure and subchondral bone loss through activation
of the C-C chemokine ligand 5 (CCL5) chemokine receptor-AKT2 (CCL5-CCRS-AKT?) axis.*' Inhibition of CCL5 or
AKT?2 can reduce subchondral bone loss and improve subchondral bone microstructure. Cytological studies have confirmed
that CCL5 regulates osteoclast formation by binding to its receptor Catalytic Core Regulators (CCRS) and activating the
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Figure 9 Expression validation of key genes. (a) SHMT2. (b) EIF3K. ns, not significant; *, p < 0.05.
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AKT?2 pathway. Interleukin-15 was involved in mediating inflammatory bone loss and bone metabolism by stimulating
osteoclast differentiation.** Studies have shown that TGF-B/Smad signal transduction is inhibited in the pathological process
of osteoporosis, and the decoction of Herba eumedium and Ligustrum can up-regulate the expression of TGF-B1, enhance the
phosphorylation of Smad3, inhibit bone resorption, promote bone formation, and alleviate the damage of bone biomechanical
properties and trabecular structure in rats with glucocorticoid-induced osteoporosis.** In addition, cysteine, as a receptor for
the Wnt signaling pathway, plays an important role in the accumulation of bone mass in bone tissue in the body.** Various
studies have shown that the key genes related to lipophagy, EIF3K, and SHMT2, may affect the occurrence and development
of osteoporosis in patients by affecting chemokine signaling pathway, TGF-f signaling pathway metabolism of amino acids
and their derivatives and other pathways.

Activated dendritic cell and mast cell, two types of immune infiltrating cells, showed significant differences between
disease and control. Dendritic cell-specific transmembrane protein (DC-STAMP), which was discovered for the first time
in human dendritic cells.*>*® At present, it is generally believed that DC-STAMP is the main regulator of osteoclast
fusion process.*”*® Study*® shows that in the presence of RANKL and M-CSF, DC-STAMP deficient cells could not
produce multinucleated osteoclasts, and DC-STAMP gene knockout mice showed osteosclerosis phenotype due to lack of
functional multinucleated osteoclasts. However, after overexpression of DC-STAMP gene by retrovirus, OPC fusion
increased. In addition, studies have shown that increased osteoclast activity and bone resorption are associated with the
proliferation of bone marrow mast cells. Frame was the first to observe and count bone marrow mast cells in senile
osteoporosis patients by using histochemical methods, and found that bone marrow mast cell hyperplasia in senile
osteoporosis patients.”® These studies indicate that activated dendritic cells and mast cells play an important role in OP,
which may be an indication of the onset and development of OP.

Autophagy, as an important intracellular degradation and recycling mechanism, degrades damaged organelles,
proteins and other cellular components through lysosomes to maintain cell homeostasis and function.”® In bone cells,
this process is equally critical, especially in response to oxidative stress and nutrient deficiencies.’” For example, studies
have shown that chronic hyperglycemia can cause dysfunction in autophagy, resulting in abnormal expression of
autophagy-related proteins, and ultimately negatively affect bone health.>® Recent studies have highlighted that autop-
hagy dysfunction plays a role in these metabolic conditions, and restoration of autophagy function can help restore
metabolic homeostasis and rebuild bone fat balance.>® For example, SP-EVLP promotes osteoblast proliferation through
activation of melatonin-induced autophagy.”>> However, most current studies have not focused on the association between
lipid autophagy and osteoporosis (OP), and the lack of systematic and in-depth exploration of genes related to lipid
autophagy makes it difficult to fully explain the mechanism of lipid autophagy in OP. Unlike this study, few existing
studies have constructed complete regulatory networks and predictive drug models by integrating multi-omics analysis,
which is lacking in providing comprehensive guidance for clinical diagnosis and treatment. This study focuses on the
relationship between lipid autophagy and OP, which has advantages in gene screening and mechanism exploration.

This study identified the key genes EIF3K and SHMT2 involved in lipid autophagy in osteoporosis (OP), which
brought important breakthroughs for the clinical diagnosis and treatment of OP. EIF3K and SHMT2 point the way to the
development of new therapeutic drugs. For EIF3K, drugs that can accurately regulate its expression can be developed to
enhance its effect on antioxidant stress,’® thus slowing down the OP process. For SHMT2, drugs can be developed to
interfere with its metabolic pathways, improve mitochondrial function, and inhibit bone loss.”” Second, based on the
functions and regulatory mechanisms of key genes, personalized treatment programs can be implemented. For patients
with abnormal expression of EIF3K and SHMT2, gene therapy, such as RNA interference technology,™ was used to
accurately regulate gene expression. Or combined with traditional drug therapy to enhance the therapeutic effect by
regulating key gene-related pathways.”® Overall, the discovery of EIF3K and SHMT2 opens up a new way for the
clinical diagnosis and treatment of OP, and further research is needed in the future to translate these findings into
practical clinical applications and bring better treatment prospects for OP patients.

However, there are some limitations to this study. On the one hand, the clinical sample size was relatively small,
which may have an impact on statistical power, for example, the difference in EIF3K expression failed to reach the level
of significance in qPCR validation. On the other hand, there is a lack of animal experiments and cell function
experiments to directly verify the regulatory mechanisms of EIF3K and SHMT2 in lipid phagocytosis and bone
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metabolism. In addition, bioinformatic analyses rely mainly on public databases and require further experiments to
validate them. In order to promote the progress of research in this area, future studies may consider expanding the clinical
sample cohort and combining multi-center data to better verify the stability of genetic markers. At the same time, gene
knockout/overexpression models, such as OP mouse models or osteoblast cell lines, were constructed to further clarify
the function of key genes. In addition, in vitro and in vivo intervention experiments based on predictive drugs (such as
clindamycin) were conducted to evaluate their regulatory effects on bone mineral density and lipid phagocytosis. At the
cellular level, gene intervention can be performed in MC3T3-E1 osteoblasts or bone marrow mesenchymal stem cells,
and downstream signaling pathways can be resolved in combination with transcriptome sequencing and metabolomics.
Finally, a mouse model of osteoporosis (such as ovariectomy and glucocorticoid induction) was established to detect
gene expression changes, and histological and biochemical analyses were carried out to lay a more solid foundation for
the use of genes in osteoporosis treatment.

Conclusions

In conclusion, this study obtained the key genes EIF3K and SHMT?2 associated with lipid autophagy in osteoporosis
through bioinformatics screening and expression verification. It is expected to become a new potential therapeutic target
for OP and provide new ideas for the study of the molecular mechanism of OP. Of course, this needs to be confirmed by
more independent samples and in vivo experiments. If these research results can be further verified, they will provide
important theoretical basis and potential intervention direction for the early diagnosis and prevention of OP, and have
great significance for improving the prevention and treatment level of OP.
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