ZhaYang et al. BMC Musculoskeletal Disorders ~ (2025) 26:517 BMC Musculoskeletal

https://doi.org/10.1186/512891-025-08779-6 .
9 Disorders

Check for
updates

Integrating bioinformatics

and machine learning to identify biomarkers
of branched chain amino acid related genes
in osteoarthritis

Xiao-Zhi ZhaYang', Yan-Xiong Chen', Wen-Da Hua?, Zheng-Lin Bai?, Yun-Peng Jin?, Xing-Wen Zhao?, Quan-Fu Liu’
and Zeng-Dong Meng'#*#

Abstract

Background Branched-chain amino acids (BCAA) metabolism is significantly associated with osteoarthritis (OA), but
the specific mechanism of BCAA related genes (BCAA-RGs) in OA is still unclear. Therefore, this research intended to
identify potential biomarkers and mechanisms of action of BCAA-RGs in OA tissues.

Methods Differential genes were obtained from the Gene Expression Omnibus (GEO) database and intersections
were taken with BCAA-RGs to identify candidate genes. The underlying mechanisms were revealed using Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG). Subsequently, by combining three machine
learning algorithms to identify genes with highly correlated OA features. In addition, created diagnostic maps and
subject Receiver operating characteristic curves (ROCs) to assess the ability of the signature genes to diagnose OA
and to predict their possible roles in molecular regulatory network axes and molecular signaling pathways.

Results Eight candidate genes were acquired by intersecting 4,178 DEGs and 14 BCAA-RGs. Subsequently, five
candidate biomarkers were obtained, namely SLC3A2, SLC7AS5, SLC43A2, SLC43A1, and SLC7A7. Importantly, SLC3A2
and SLC7A5 were validated by validation set and qRT-PCR. Furthermore, the nomogram constructed by SLC3A2 and
SLC7AS5 exhibited excellent accuracy in predicting the incidence of OA. The enrichment results demonstrated that
SLC3A2 and SLC7AS5 were significantly enriched in ribosome, insulin signaling pathway, olfactory transduction, etc.
Meanwhile, we also found XIST regulated SLC7A5 through hsa-miR-30e-5p, and regulated SLC3A2 through hsa-miR-
7-5p.0IP5-AST regulated SLC7A5 and SLC3A2 through hsa-miR-7-5p. By the way, 150 drugs were identified, including
Acetaminophen and Acrylamide, which exhibited simultaneous targeting of these two biomarkers.

Conclusion Based on bioinformatics, SLC3A2 and SLC7AS were identified as biomarkers related to BCAA in OA,
which may provide a new reference for the treatment and diagnosis of OA patients.
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Introduction

Osteoarthritis (OA) is a common chronic joint disease
that involves multiple tissues, including articular car-
tilage, synovium, and subchondral bone [1, 2]. It is esti-
mated that over 500 million people worldwide suffer
from OA, with a higher prevalence in the elderly popu-
lation [3]. The etiology of OA is remains incompletely
understood, but it is thought to involve multifactorial
processes. Possible pathogenic mechanisms include
degenerative changes in joint cartilage, arthritic inflam-
mation, and the cumulative impact of biomechanical fac-
tors [4—6]. These factors lead to structural damage and
functional impairment of the joints, triggering pathologi-
cal processes. Joint pain and functional impairments not
only affect daily activities but may also lead to loss of pro-
ductivity, increased medical expenses, and rehabilitation
costs [7, 8]. Despite the availability of some diagnostic
and treatment methods for OA, such as clinical symp-
tom assessment, imaging studies, and medication, there
are still challenges and issues. These include difficulties
in early diagnosis, inconsistent treatment outcomes, and
the lack of individualized treatment plans [9, 10].There-
fore, there is an urgent need to find more scientific and
effective approaches for early diagnose and treatment of
OA.

BCAAs, comprising leucine, isoleucine, and valine, are
essential amino acids with distinctive branched molecu-
lar structure [11, 12]. BCAAs have important physiologi-
cal functions in the human body, including involvement
in protein synthesis, providing energy, and regulating
insulin secretion, among others [13, 14]. BCAAs have
been shown to modulate key metabolic and signaling
pathways, influencing overall metabolic homeostasis and
cellular function. Emerging evidence highlights a poten-
tial link between BCAA levels and the development of
OA and its related diseases. Some clinical and epidemio-
logical studies suggest that BCAA levels are associated
with the occurrence of osteoarthritis, pain severity, and
disease progression [15]. Additionally, elevated BCAA
levels are also associated with the onset and progres-
sion of diseases such as obesity, metabolic syndrome, and
diabetes [16, 17]. BCAA is associated with the upregula-
tion of key pro-inflammatory cytokines implicated in OA
pathophysiology, which primarily leads to the degrada-
tion of articular cartilage matrix [18]. However, despite
the discovered association between BCAAs and osteo-
arthritis and other diseases, the specific mechanism of
action of BCAAs in OA remains unclear. Recent stud-
ies have demonstrated significant potential of machine
learning in OA prediction, particularly for diagnosing
and predicting the progression of knee osteoarthritis
[19]. Machine learning algorithms have been successfully
applied to analyze clinical data, such as peripheral blood
DNA methylation levels, as well as imaging modalities

Page 2 of 16

like X-rays and ultrasound [20]. Incorporating machine
learning into OA research thus provides a powerful
tool for enhancing patient outcomes and advancing our
understanding of OA pathogenesis.

Based on the important role of BCAAs in the devel-
opment of OA, we will further understand the role of
BCAAs-related genes in the regulation of amino acid
function and metabolic progression, so as to provide
some reference value for the pathogenesis and diagnosis
of OA. Therefore, we used osteoarthritis-related tran-
scriptome data in the GEO database by bioinformatics
methods to identify biomarkers associated with BCAAs,
and established a diagnostic model based on branched-
chain amino acid-related pathways using machine learn-
ing methods in order to more accurately diagnose and
predict the pathogenesis of OA. In addition, we fur-
ther investigated the potential biological functions and
molecular mechanisms associated with these signature
genes using Gene Ontology (GO)/Kyoto Encyclopedia
of Genomes (KEGG) enrichment analysis and Genome
Enrichment Analysis (GSEA) and performed drug pre-
diction analysis to identify the most relevant potential
drugs. Our findings may provide new insights into the
pathogenesis of OA and contribute to the discovery of
new biomarkers for improved diagnosis and therapeutic
outcomes.

Materials and methods

Data extraction

Osteoarthritis (OA) related datasets (GSE114007 and
GSE51588) were provided by the Gene Expression Omni-
bus (GEO) (http://www.ncbi.nlm.nih.gov/geo/) database.
The GSE114007 dataset was used as a training set with 38
samples, including 18 normal cartilage tissue samples and
20 OA cartilage tissue samples. The sequencing platform
for this dataset was Illumina HiSeq 2000 (Homo sapi-
ens).The annotation files for this dataset were GPL11154
and GPL1857. In this dataset, FastQC (v0.10.1) was used
to perform quality control of the raw data on the fastq
files. The raw data were aligned with the human genome
(hg19) using the STAR aligner v(2.5.3a), and the aligned
reads were quantified using HTSeq-count with the UCSC
RefSeq hgl9 annotation (Release 57). The validation set,
GSE51588, comprised 50 samples (10 normal and 40 OA
cartilage tissue samples). For this dataset, the microar-
ray platform used was Agilent-026652 Whole Human
Genome Microarray 4x44 K v2 (Probe Name version).
The annotation file for this dataset was GPL13497. In this
dataset, the array signal intensities were further analyzed
by the Agilent GeneSpring GX software (Version 11.5)
(Agilent Technologies, Santa Clara, CA, USA). The gene
expression values of all datasets were normalized using
the quantile normalization method; the filter was set to
above 32 to exclude probes with low signal intensities. In
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addition, totally 14 Branched-chain amino acids related
genes (BCAA-RGs) were gained from the Molecular
Signatures Database (MSigDB) (https://www.gsea-msig
db.org/) by “searching gobp branched chain amino acid
transport” The entire workflow of this study was shown
in Fig. 1.

Identification and functional enrichment analysis of
differentially expressed genes (DEGs)

The sample distribution of the GSE114007 dataset was
analyzed by principal component analysis (PCA) to
determine whether there were outliers that needed to
be eliminated, thus ensuring the reliability of the data
analysis. Subsequently, based on the screening condi-
tions of|log2FoldChange(FC)| > 0.5 and P adj<0.05, the
DESeq2 package (v 1.42.0) [21]was used to compare the
differences of gene expression between OA and control
groups to obtain DEGs. The expression of DEGs was
demonstrated by plotting volcano and heat maps with the
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ggplot2 package (v 3.3.6) [22]and the “pheatmap” pack-
age (v 1.0.12) [23], respectively. In particular, the heat
map displayed the|log2FC| top 40 DEGs. In addition,
Gene Ontology (GO) function and Kyoto Encyclopedia
of Genes and Genomes (KEGG) function and pathway
enrichment analyses were conducted. The GO enrich-
ment analysis included the analysis of molecular function
(ME), cellular component (CC), and biological process
(BP). The purpose was to find the common functions
and enrichment pathways (P adj<0.05) of the differen-
tially expressed genes (DEGs) through the clusterProfiler
software package (v 4.4.4) [24] We further conducted
enrichment analyses on the upregulated DEGs and
downregulated DEGs respectively in order to obtain
more meaningful biological interpretations.

Screening of candidate biomarkers
Candidate genes associated with both OA and BCAA-
RGs were obtained by taking intersections of DEGs with
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Fig. 1 The flowchart of this study
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BCAA-RGs. Subsequently, candidate genes were ana-
lyzed for the construction of protein-protein interaction
(PPI) network based on the STRING database (https:/
/string-db.org/) (degree of reciprocity threshold=0.4),
thus exploring the existence of reciprocal relationships
between these genes.

Machine learning

In GSE114007 dataset, the expression of candidate genes
was analyzed by least absolute shrinkage and selection
operator (LASSO) using glmnet package (v 4.1-4) [25]
to get the feature genes of this algorithm, among them,
the parameters were set as family = “binomial” and
nfolds = 10. The support vector machine recursive feature
elimination (SVM-RFE) algorithm was also performed
using the el1071 package (v 1.7-14) [26]thus obtaining
the importance and importance ranking of each candi-
date gene, as well as obtaining the error rate and accu-
racy of each iteration of the combination, selecting the
lowest point of the error rate as the best combination,
and taking out the corresponding genes as the feature
genes. The parameter “kernel” was set as “linear” during
this process. In addition, Boruta algorithm was imple-
mented for screening candidate genes through Boruta
package (v 8.8.0) [27], among them, the criteria were
set as pValue=0.05 and maxRuns=100. Furthermore,
candidate biomarkers were obtained by overlapping the
feature genes obtained from the three machine learning
algorithms.

Candidate gene expression and diagnostic capability
assessment

In the GSE114007 and GSE51588 datasets, the expres-
sion of candidate genes was evaluated between OA and
control groups, while receiver operating characteristic
(ROC) curves were plotted via pROC package (v 1.18.0)
[28] to assess the diagnostic ability of the candidate bio-
markers. Candidate biomarkers with consistent expres-
sion trends in the two datasets, significant differences
between OA and control groups, and area under the
curve (AUC) >0.7 were defined as biomarkers.

Construction and evaluation of nomogram

In order to more intuitively understand the relation-
ship between biomarkers and OA, a nomogram was
constructed based on multivariate logistic regression
through rms package (v 6.5.0) [29]. The corresponding
scores were obtained by detecting the expression of each
biomarker, and then the incidence of OA was judged
according to the total score. To further explore the rela-
tionships among the two key genes, clinical character-
istics (such as age and gender), and osteoarthritis (OA),
another nomogram was constructed in this study based
on multiple logistic regression. The corresponding scores
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were obtained by detecting the expression levels of each
key gene. Meanwhile, factors such as age and gender in
the clinical information were combined to calculate the
corresponding scores, and the incidence rate of OA was
evaluated according to the total scores.

Moreover, the calibration curve and ROC curve
were adopted to verify the accuracy of the nomogram
prediction.

Gene set enrichment analysis (GSEA)

With the aim of further exploring some relevant signaling
pathways and potential biological mechanisms present in
the biomarkers, GSEA was performed on the biomark-
ers using the clusterProfiler package and the org. Hs.eg.
db package (v 3.15.0) [30]. Specifically, GSEA was imple-
mented by ranking all genes based on the correlation
coefficients between the biomarkers and the expression
of all genes in the GSE114007 dataset. The thresholds
were set to|normalized enrichment score (NES)| > 1,
Nominal P<0.05, and g <0.25.

Molecular regulatory network construction
The Starbase database (https://ngdc.cncb.ac.cn/datab
asecommons/database/id/169) was utilized to predict
biomarker-associated microRNAs (miRNAs) and long
noncoding RNAs (IncRNAs). The miRNAs were selected
based on their prediction in both the miRanda (http://m
irtoolsgallery.tech/mirtoolsgallery/node/1055) and PITA.
(http://genie.weizmann.ac.il/pubs/mir07/mir07_dat
a.html) databases. Subsequently, clipExpNum>20 was
employed as the criterion to predict miRNA-associated
IncRNAs. A IncRNA-miRNA-mRNA network was con-
structed based on the predicted miRNAs, IncRNAs, and
mRNAs.

Drug prediction and gene-disease association analysis

The drugs targeting each biomarker were obtained
through the Comparative Toxicogenomics Database
(CTD) (http://ctdbase.org/). Subsequently, the predicted
drugs were taken to intersection to identify key drugs
that targeted the biomarkers simultaneously. Key drugs
and biomarkers were selected, and the drug-gene net-
work was constructed by Cytoscape software (v 3.9.1)
[31]. On the other hand, diseases associated with bio-
markers were predicted by DOSE package (v 3.82.0) [32],
and a gene-disease network was constructed.

Quantitative real-time polymerase chain reaction (qRT-
PCR)

The cartilage samples obtained from patients undergoing
total knee arthroplasty due to end-stage osteoarthritis
were classified as OA group, and cartilage samples col-
lected from patients without osteoarthritis who under-
went distal femoral tumor resection and prosthetic
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replacement of the knee due to femoral tumor were
classified as control group. Each group consisted of 10
samples. Total tissue RNA was extracted using TRIzol
reagent (Thermo Fisher Scientific, USA) according to
the manufacturer’s instructions. The purity and concen-
tration of total RNA were detected. Subsequently, the
RNA was reverse-transcribed into ¢cDNA using Prime-
Script ™ first strand cDNA synthesis kit (Thermo Fisher
Scientific, USA). The synthesis was completed using
PrimeScript™RT Master Mix (Takara Bio, USA). The
amplification reaction was then established in a real-time
PCR system using TB GreenPremix Ex Taq (Takara Bio,
USA). GAPDH was used as an internal reference, and the
272AC€T method was employed for relative quantitative
analysis. The corresponding qRT-PCR primer sequences
are shown in (Supplementary Table S1).

Immunohistochemistry (IHC)

Immunohistochemical staining was performed to detect
the expression of SLC3A2 and SLC7A5 in cartilage
samples. Tissues were decalcified in EDTA solution at
25-30 °C in a constant-temperature shaker with solution
changes every 2-3 d. After complete decalcification, sam-
ples were fixed in 4% paraformaldehyde (CNAB035-Q,
Guangfu) for 24—48 h, dehydrated in graded ethanol (GB/
T678-2002, Chengdu Kelon Chemicals), cleared with
xylene (33535, Xilong Chemical Co.), embedded in paraf-
fin, and sectioned into 3 pm-thick slices using a micro-
tome (LEICA RM2135, Shuwei Instruments). Sections
were deparaffinized in xylene, rehydrated through graded
ethanol, and subjected to antigen retrieval in citrate buf-
fer (GO001-1 L, Saveen) using a pressure cooker. Endog-
enous peroxidase activity was blocked with 3% H,O,,
and non-specific binding was blocked using 5% bovine
serum albumin. Sections were incubated overnight at
4 °C with primary antibodies against SLC3A2 (bs-6659R,
Bioss, 1:50) and SLC7A5 (GB114871, Servicebio, 1:100),
followed by a 30-min incubation at 37 °C. After PBS
washes, sections were treated with a reaction enhancer
(PV-9000, ZSGB-BIO) and HRP-conjugated secondary
antibody (PV-9000, ZSGB-BIO), both incubated at 37 °C
for 20 min. DAB substrate (ZLI-9019, ZSGB-BIO) was
applied for color development, and nuclei were coun-
terstained with hematoxylin (G1004-100ML, Saveen),
differentiated with ethanol-hydrochloric acid, and blued
in running tap water. Finally, sections were dehydrated,
cleared, and mounted with neutral resin (WG10004160,
Saveen). Staining was visualized using a slide scanner
(SQS-12P, Shenzhen Qiangsheng Technology Co., Ltd.),
and the expression levels of SLC3A2 and SLC7A5 were
evaluated.
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Western blot (WB)

Western blot was performed to evaluate the protein
expression levels of SLC3A2 and SLC7A5 in cartilage
samples. Proteins were extracted using RIPA lysis buffer
(G2002-30ML, Servicebio) supplemented with protease
inhibitors (PR20032, Proteintech). Protein concentrations
were determined through BCA protein assay kit (P0009,
Beyotime). Samples were denatured by mixing with 5x
protein loading buffer (G2013-100ML, Servicebio) and
heating at 95 °C for 10 min. Protein separation was car-
ried out using SDS-PAGE with a 10% gel for the resolving
gel and a 5% for the stacking gel. Electrophoresis was per-
formed at 80 V for 30 min, followed by 120 V for approxi-
mately 90 min, until the bromophenol blue dye reached
the bottom of the gel. Proteins were then transferred
onto PVDF membranes (0.45 um, K2MAS8350E, Milli-
pore) using a semi-dry transfer system (Trans-Blot Turbo
System, Bio-Rad) at 300 mA for 1 h at 4 °C. The mem-
branes were blocked with 5% BSA (CR2302110, Solarbio)
in TBST for 30 min at 37 °C and incubated overnight at
4 °C with primary antibodies, including anti-SLC3A2
(bs-6659R, Bioss, 1:1000), anti-SLC7A5 (GB114871, Ser-
vicebio, 1:1500), and anti-B-actin (66009-1-Ig, Protein-
tech, 1:25000). After washing with TBST, membranes
were incubated for 60 min at room temperature with
HRP-conjugated goat anti-rabbit IgG (GB23303, Service-
bio, 1:3000) or goat anti-mouse IgG (GB23301, Service-
bio, 1:5000) diluted in 5% skimmed milk (EZ7890B383,
BIO FROXX). Membranes were washed with TBST and
developed using ECL substrate (KF8001, Affinity). Sig-
nals were captured using a chemiluminescence imaging
system (XLSY153, Qinxiang). The intensity of protein
bands was quantified using Image] software (version8.0,
NIH, USA) for grayscale analysis.

Statistical analysis

R software (version 4.2.1) was used to process and ana-
lyze the data. The correlation analysis between the two
groups was implemented via Spearman analysis. Differ-
ences between the two groups were compared via Wil-
coxon test. The p value less than 0.05 was considered
statistically significant.

Results

Totally 4,178 DEGs were related to multiple signaling
pathways

The PCA analysis revealed the presence of two outlier
samples (OA_Cart_3_9 and normal_Cart_6_6) in the
GSE114007 dataset, which were subsequently excluded
from further analysis (Fig. 2a-b). A total of 4,178 DEGs
were identified between OA and control groups in
GSE114007 datasets, containing 2,162 up-regulated
genes and 2,016 down-regulated genes (Fig. 2c-d Sup-
plementary Table S2). Furthermore, these DEGs were
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enriched in extracellular structure organization, neu-
ron to neuron synapse, postsynaptic density, etc. in GO
terms (Fig. 2e Supplementary Table S3), and FoxO signal-
ing pathway, apoptosis, HIF-1 signaling pathway, PI3K/
Akt signaling pathway, etc. in KEGG pathways (Fig. 2f).
Furthermore, enrichment analyses were respectively
conducted on the upregulated and downregulated dif-
ferentially expressed genes (DEGs). The results showed
that both the upregulated and downregulated DEGs were
enriched in the PI3K/Akt signaling pathway. This finding
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suggested that in the future, we could explore whether
branched-chain amino acids (BCAAs) have an impact on
osteoarthritis (OA) through the PI3K/Akt signaling path-
way. (Supplementary Table S4)

SLC3A2 and SLC7A5 were identified as biomarkers

Eight candidate genes were acquired by intersecting
4,178 DEGs and 14 BCAA-RGs (Fig. 3a). PPI results
revealed that SLC7A5 interacted with LLGL2, SLC3A2,
SLC43A2, SLC7A7 and SLC43A1 (Fig. 3b). In the LASSO
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regression analysis, the Lambda.min threshold was
selected as 0.017. The constructed model had the small-
est residual sum of squares, and the corresponding gene
and its coefficient were found in the right figure. Finally,
5 characteristic genes were obtained through the LASSO
regression analysis. In the SVM-RFE analysis, the results
showed that when the number of genes kept increasing,
the error rate at the optimal point was 0.051, correspond-
ing to 6 characteristic genes. Through the analysis of the
Boruta algorithm, all the feature sets correlated with the
dependent variable were screened out, and finally 7 char-
acteristic genes were obtained.(Fig. 3c-e). After taking the
intersection of the feature genes obtained from the three
machine learning algorithms, five candidate biomark-
ers were obtained, namely SLC3A2, SLC7A5, SLC43A2,
SLC43A1, and SLC7A7 (Fig. 3f). The expression of
SLC3A2 and SLC7AS5 exhibited a consistent trend in the
GSE114007 and GSE51588 datasets, and their expression
was significantly higher in the OA group compared to the
control group (Fig. 3g-h). Meanwhile, the AUC values of
SLC3A2 and SLC7A5 were both greater than 0.7 in the
GSE114007 and GSE51588 datasets (Fig. 3i-j); therefore,
SLC3A2 and SLC7A5 were identified as biomarkers.
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The nomogram exhibited excellent prediction
performance for OA

Based on the biomarkers SLC3A2 and SLC7AS5, a nomo-
gram was constructed to assess their predictive ability for
OA incidence as a whole (Fig. 4a). Calibration curves and
ROC curves were adopted to evaluate the accuracy of the
predictive power of the nomogram. Specifically, the slope
of the calibration curve tended to be 1 (Fig. 4b), while the
AUC value of the nomogram was 0.981 (Fig. 4c). These
results suggested that the nomogram exhibited excel-
lent accuracy in predicting the incidence of OA. On this
basis, we constructed another nomogram by incorporat-
ing clinical characteristics. The results showed that age
and gender had certain impacts on the risk of osteoar-
thritis (OA). Specifically, an age of =60 years and female
(F) gender were likely to correspond to relatively high
scores in the assessment of OA risk, suggesting that older
age and female gender may be associated factors for OA
(Supplementary Fig. S2).

GSEA enrichment analysis

GSEA was applied to explore some related signaling path-
ways and potential biological mechanisms of biomarkers.
The results demonstrated that SLC3A2 and SLC7A5 were
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Fig. 4 The nomogram exhibited prediction performance for OA. (@) Nomogram predicting the incidence. (b-c) The calibration curves and ROC adopted
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significantly enriched in ribosome, acute myeloid leuke-
mia, insulin signaling pathway, olfactory transduction,
etc. (Fig. 5a-b, Supplementary Tables S2-S3).

SLC3A2 and SLC7A5 were simultaneously associ-
ated with multiple regulatory factors and drugs as
well as diseases.

A total of 14 key miRNAs were predicted based on
the analysis of SLC3A2 and SLC7A5. Subsequently, we
identified 22 IncRNAs with clipExpNum>20. Next,
a IncRNA-miRNA-mRNA network was constructed,
which included 38 nodes and 102 edges. Complex regu-
latory relationships existed within this network, exem-
plified by XIST mediated regulation of SLC7A5 via
hsa-miR-30e-5p and its regulation of SLC3A2 through

a
SLC3A2

[
o
2

o
Y
Q

e
o
=]
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hsa-miR-7-5p (Fig. 6a). Furthermore, 150 drugs were
identified, including Acetaminophen and Acrylamide,
which exhibited simultaneous targeting of these two bio-
markers. Consequently, a comprehensive gene-drug reg-
ulatory network comprising 152 nodes and 300 edges was
constructed (Fig. 6b, Supplementary Table S4). Addition-
ally, the Gene-disease association analysis revealed that
these two biomarkers were associated with 38 diseases,
such as sarcomatoid carcinoma, colorectal carcinoma,
tongue squamous cell carcinoma and so on (Fig. 6¢, Sup-
plementary Table S5).
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Expression verification of biomarkers

To determine the expression of biomarkers in osteoar-
thritis tissues, We detected the expression of SLC3A2
and SLC7AS5 in the control group and the OA group by
qRT-PCR (Fig. 7a-b). The results showed that the mRNA
expressions of SLC3A2 and SLC7A5 in the OA group
were significantly lower than those in the control group.
Supplementary Fig. S3 showed the gel electrophoresis
images of the PCR products for each gene.,. IHC (Fig. 7c)
and WB (Fig. 7d-f) results also showed that the protein
expression of SLC3A2 and SLC7A5 were significantly
decreased in the OA group. These results indicate that
the expression levels of SLC3A2 and SLC7A5 are consis-
tent with bioinformatics results.

Discussion

Osteoarthritis is a chronic joint disease characterized
clinically by joint pain, stiffness, and functional impair-
ment. Currently, the main treatments for osteoarthritis
include physical therapy, medication, and surgical inter-
vention, but there are problems such as late diagnosis,
inconsistent treatment outcomes, and side effects [33,
34]. BCAAs play an important role in the development of
osteoarthritis [15, 35]. This study successfully identified
two biomarkers associated with BCAAs, namely SLC3A2
and SLC7A5. These two genes are enriched in pathways
such as ribosome, acute myeloid leukemia, insulin sig-
naling pathway, and olfactory transduction, suggesting
that they may have important roles in the occurrence
of OA. By constructing nomogram, we evaluated the
combined ability of these two biomarkers for predicting

the occurrence of OA. Additionally, we conducted fur-
ther analyses such as molecular regulatory network and
drug prediction to explore the mechanisms of these bio-
markers in osteoarthritis. This study primarily relies on
the training dataset (GSE114007) for bioinformatics
research. The selection of this dataset is based on two
aspects: First, the sample types included in this dataset
align with our research theme; Second, this dataset has
been extensively analyzed in multiple previous osteoar-
thritis (OA) studies, demonstrating its widespread recog-
nition [36-38]. However, compared to previous studies,
our research has some differences. This study combines
multiple machine learning algorithms to screen biomark-
ers, which not only improves the accuracy and reliabil-
ity of screening but also ensures the robustness of results
through external validation and the combination of mul-
tiple algorithms.

In this study, we employed LASSO regression, SVM-
RFE, and Boruta algorithms to identify key OA bio-
markers. LASSO regression effectively reduced feature
redundancy but may have missed complex non-linear
relationships [39]. Boruta, based on a random forest
approach, ensured no relevant features were overlooked,
though it risked overfitting due to retaining many fea-
tures [40]. SVM-RFE accounted for non-linearities but
required significant computational resources [41]. The
integration of these three machine learning methods
allowed us to identify SLC3A2 and SLC7AS5 as key bio-
markers associated with BCAA metabolism in OA. On
this basis, we not only identified key genes related to
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BCAA metabolism, but also further validated their roles
in OA through nomogram and GSEA analysis. The suc-
cessfully constructed nomogram can be used to predict
the occurrence of OA, providing a new tool for clinical
diagnosis.

SLC3A2 (solute carrier family 3 member 2) and
SLC7AS5 (solute carrier family 7 member 5) are identi-
fied as biomarkers associated with BCAAs in this study.
SLC7A5 and SLC3A2 are both transmembrane glyco-
proteins that form a heteromeric amino acid transporter
(HAT) complex [42]. This complex is responsible for
transportation of multiple essential amino acids, includ-
ing BCAAs [42]. It plays a critical role in protein synthe-
sis and cellular energy metabolism. The SLC7A5/SLC3A2
complex also transports leucine, which can activate the
mammalian target of rapamycin complex 1 (mTORC1).
Activation of mTORCI1 supports cell growth and pro-
liferation [43, 44]. This process is important in various
physiological and pathological events, including immune
cell regulation, tumor progression, and blood-brain bar-
rier function [45, 46]. Current studies suggested that
SLC3A2 and SLC7A5 are significant in various ortho-
pedic diseases. For example, research has indicated that
the pathological process of OA cartilage cells is related

to ferroptosis, and SLC3A2 inhibits ferroptosis of carti-
lage cells and suppresses cartilage degeneration in OA
[47]. Karouzakis et al. reported that SLC3A2 involved
in the onset and development of rheumatoid arthri-
tis (RA) [48]. Furthermore, according to bioinformatics
research by Zhao et al., SLC7A5 can serve as a new bio-
marker for knee arthritis [49]. Based on these findings,
we believe that SLC3A2 and SLC7AS5 play crucial roles
in BCAA metabolism in OA. The underlying mechanism
of SLC3A2 and SLC7AS5 in the pathogenesis of OA was
shown in Fig. 8.

Nomogram is an effective tool for predicting and
assessing the probability of clinical events, showing sig-
nificant advantages over traditional staging systems. It
enables individualized prediction and comprehensive
multi-factor evaluation, and has been widely applied in
clinical practice [50]. Based on biomarkers and related
clinical features, this study successfully constructed
two nomograms. The nomogram model based on bio-
markers demonstrates that SLC3A2 and SLC7A5 have
potential diagnostic value in osteoarthritis. Hu et al
identified SLC3A2 as a key regulator of disulfidptosis in
OA and developed a predictive, preventive, and person-
alized medicine (PPPM)-based diagnostic model for OA,
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in which SLC3A2 showed high accuracy in predicting
both early and late stages of the disease [51]. Similarly,
Cao et al. highlighted SLC3A2 as hub gene in chondro-
cyte inflammation and closely related to disulfidpto-
sis through bioinformatics identification [52]. Further
experiment study by Jiao et al. showed that Yishen Tongbi
decoction, a Chinese traditional herb formula, can sup-
pressed SLC3A2/integrin 3 signaling pathways to inhibit
the proliferation and migration of synovial fibroblasts in
RA [53]. SLC3A2 also showed potential therapeutic pos-
sibility for osteoarthritis, as it inhibited ferroptosis and
preventing cartilage degeneration [47]. Our results and
previous studied together indicated that SLC3A2 can
serve as both therapeutic and diagnostic biomarkers in
OA. On the other hand, although SLC7A5 has not been
reported as a therapeutic target or predictive biomarker
in OA. It had close interaction with SLC3A2, which sug-
gested that it may have similar functional relevance.
Considering the established role of SLC3A2 in cartilage
protection and metabolic regulation, it is plausible that
SLC7A5 also contributes to these processes. In addi-
tion, by comparing with existing OA-related nomograms,
we found that the nomogram constructed in this study
performed better in ROC values compared to existing
research [54], indicating that the nomogram constructed
in this study has relatively higher predictive value. After
incorporating clinical features, we reconstructed the
nomogram and found that older age and female gender
may be related factors for OA onset. Existing studies have
shown that in aging OA joints, senescent cells release
senescence-associated mediators, which further damage
joint tissues and promote OA development [55]. Epi-
demiological studies also suggest that the prevalence of
osteoarthritis is generally higher in women than in men
[56]. Combining these results, our study provides a more
accurate basis for early identification of high-risk OA
populations, further verifying the key roles of age and
gender in OA onset, and offering important references
for clinical intervention and prevention strategies.

To further explore the potential biological functions
and molecular mechanisms of SLC3A2 and SLC7A5
in OA, GSEA analysis revealed that these genes are
enriched in multiple signaling pathways, including the
ribosome and insulin signaling pathways. These enrich-
ment results aligned with previous literature on the
occurrence and progression of OA. For example, studies
have indicated that, in OA, abnormal protein synthesis
and metabolic activity may be linked to the dysregulated
activation of the ribosome pathway [57, 58]. Additionally,
the aberrant activation of the insulin signaling pathway is
also associated with the occurrence of osteoarthritis and
disturbances in bone metabolism [59, 60]. These findings
suggest that the identified biomarkers are involved in
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these enriched pathways related to OA and may influence
disease progression by regulating these pathways.

In addition, we identified several non-coding RNAs
associated with osteoarthritis, such as IncRNA OIP5-AS1
and IncRNA XIST. Multiple studies have reported that
these non-coding RNAs are associated with the onset
and progression of osteoarthritis. For example, OIP5-
AS1 has been found to be closely related to inflammatory
response, cell apoptosis, and cartilage metabolism. Zhang
et al. discovered that OIP5-AS1 inhibited the PI3K/
AKT pathway, promoted the survival and proliferation
of IL-1B-activated chondrocytes, and prevented apop-
tosis and extracellular matrix degradation by targeting
miR-338-3p [61]. Another study found that OIP5-AS1
was downregulated in human OA tissue and OA animal
model, and the downregulation suppressed the prolif-
eration and migration abilities of chondrocyte cells lines
through the miR-29b-3p/PGRN axis, thereby promoting
chondrocyte apoptosis and inflammation response [62].
Although there was no reports of OIP5-AS1 regulating
SLC3A2/SLC7A5 in OA, study have demonstrated that
in endometrial carcinoma cells, OIP5-AS1 can upregu-
late the expression of SLC7A5 by targeting miR-152-3p,
thereby promoting cell proliferation [63]. This finding
suggested that OIP5-AS1 may potentially regulate the
expression of the SLC3A2/SLC7A5 complex, although
the specific mechanisms still require further investiga-
tion. X-inactive-specific transcript (XIST), a common
oncogene in various cancers, was reported to be aber-
rantly upregulated in OA tissue specimens and gener-
ated the pro-inflammatory effect [64], indicating the
involvement of XIST in OA pathogenicity. Besides, it has
been reported that miR-149 was down regulated in OA
chondrocytes and related to inflammation in OA [65].
Another study reported that down-regulated XIST was
involved in the injury of chondrocytes during the patho-
physiological process of OA, and XIST up-regulation
protected chondrocytes from inflammatory injury via
regulating miR-653-5p/SIRT1 axis [66].These regula-
tory network analysis results reveal the important regu-
latory roles of non-coding RNAs in the pathogenesis of
osteoarthritis.

According to drug prediction analysis, we found that
Acetaminophen and acrylamide may be closely related
to SLC3A2 and SLC7AS5. These drugs or substances may
have certain relevance to the treatment or pathogenesis
of osteoarthritis. For example, Acetaminophen is widely
used to alleviate pain in osteoarthritis patients, mainly
by inhibiting pain-related pathways [67-69]. Although
there is currently a lack of direct evidence proving the
association between Acrylamide and osteoarthritis,
there is research suggesting that Acetaminophen may
increase the risk of osteoporotic fractures in osteoarthri-
tis patients [70, 71]. The potential regulatory mechanisms
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of these drugs or substances are consistent with the bio-
markers and pathways we identified in our study, provid-
ing a reference for future clinical treatments.

This study utilized multiple bioinformatics and
machine learning approaches, which enhanced the
accuracy of identifying BCAA-related genes in OA. The
results provided new references for the diagnosis and
treatment of OA. Further validation the expression of
SLC3A2 and SLC7A5 through qRT-PCR and immuno-
histochemistry added credibility to our findings. How-
ever, this study has several limitations. First, it relies on
transcriptome data from the Gene Expression Omni-
bus (GEO) database, which has limited sample size and
lacks validation in independent cohorts. Moreover, our
analysis did not deeply explore the potential mecha-
nisms of SLC3A2 and SLC7A5. Another limitation is
that the samples used in this study are limited to carti-
lage tissue. In the construction of the ceRNA network,
we were unable to strictly analyze based on the ceRNA
hypothesis, which to some extent affected the credibil-
ity of the final results. Future studies will use larger and
more representative datasets for analysis and validation,
and plan to reconstruct the network based on the ceRNA
hypothesis. Meanwhile, we will consider using centrality
measurement methods to identify core genes in the net-
work, thereby revealing potential key regulatory axes to
enhance the biological significance of the network. Based
on this, we also plan to conduct in vitro and in vivo func-
tional studies, as well as comparative analysis of multiple
tissue types. In addition, preclinical drug testing will be
conducted to further understand the roles of these bio-
markers and evaluate their therapeutic potential.

Conclusions

In conclusion, this study, using bioinformatics methods,
has discovered biomarkers associated with BCAAs and
constructed line graphs, yielding innovative and remark-
able results. Although further validation and experi-
mental research are still needed, this study has laid the
groundwork for exploring the mechanism of OA and
developing personalized treatment approaches. The
research provides new directions and strategies for the
prevention, early diagnosis, and treatment of OA, aiming
to improve the quality of life for patients and alleviate the
societal economic burden.
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