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ABSTRACT

Background: Osteoarthritis (OA), a common degenerative joint disease, is pathologically characterized by joint pain and function-
al limitation. Cuprotosis-related genes (CRGs) exert vital biological effects on various diseases, but their functions in OA remain
largely unknown. We aimed to explore the potential role of CRGs in OA and to establish a diagnostic classifier.

Methods: The Gene Expression Omnibus database was firstly employed to collect data sets on several controls and OA samples.
Batch correction was conducted using RobustRankAggreg and sva package to remove the systematic errors between differ-
ent batches of sequencing. The limma package was utilized to screen differentially expressed genes, and CRGs were identified
through Pearson correlation analysis.

Results: A total of 2,033 CRGs were identified after analyzing several data sets. Through Least Absolute Shrinkage and Selection
Operator COX model and support vector machine-recursive feature elimination classifier, 6 crucial CRGs were finally determined,
including biglycan, Ephrin-A3, leukemia inhibitory factor, natural killer cell granule protein 7, stimulator of chondrogenesis 1 and
tumor necrosis factor, alpha-induced protein 3. The integrated analysis on these genes revealed that they had high prediction
performance. The area under the curve was 0.772 in the training set and 0.693 in the validation set. These crucial CRGs exhibited
significant correlations with the infiltration of M2 macrophages, resting mast cells and other immune cells.

Conclusions: A diagnostic classifier for OA was successfully constructed based on CRGs, and significant associations are found
between crucial CRGs and immune microenvironment in OA.
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INTRODUCTION OA [5]. It not only exerts an impact on people's quality of
life, but also imposes a heavy social and economic bur-
den [2,6]. Currently, the early diagnosis of OA is crucial,
which, however, is difficult. OA is mainly diagnosed based
on radiographic examinations and clinical manifestations.

However, OA is usually diagnosed only at the onset of clin-

Osteoarthritis (OA) is a common disease pathologically
characterized by articular cartilage degeneration, chon-
drocyte hypertrophy and differentiation, subchondral
bone thickening, synovial inflammation and osteophyte

formation [1], with manifestations of joint stiffness, pain
and dysfunction, which is not only a common type of ar-
thritis, but also the primary cause of joint pain and disabil-
ity [2]. OA is attributed to various factors, including age, a
history of joint injury, obesity, heredity, gender and ana-
tomical factors, but its exact causal mechanism has not
been fully understood [3,4]. In clinical practice, non-ste-
roidal anti-inflammatory drugs and intra-articular steroid
injections have been extensively used to treat OA-related
pain and inflammation, with limited efficacy and high tox-
icity [2]. Over 250 million people worldwide suffer from

ical symptoms, when structural damage invariably occurs
[7]. Notably, it is difficult to distinguish OA from other ar-
thritis diseases since they share similar clinical symptoms
and pathological characteristics [8]. Arthritis has such
common manifestations as inflammation, deterioration
of connective tissue function, pain and stiffness [9], which
will not only lead to severe diagnosis confusion, but also
delay the application of the best treatment. Collectively,
there are now no available reliable markers with high sen-
sitivity and specificity for early and accurate diagnosis of
OA, highlighting the need for specific biomarkers.
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Cuprotosis, a novel programmed cell death mecha-
nism discovered recently, is defined as cell death owing
to the progression of cytotoxic stress caused by protein
lipidation induced by continuous accumulation of free
copper element in cells [10,11]. Lipid peroxidation ac-
cumulation is a risk factor for the progression of OA. At
present, studies on cuprotosis-related genes in OA are
rare, and only two studies have investigated the role of
CRGs in OA. Lv et al. [12] conducted a study on the role
of cuprotosis-related regulatory factors in OA diagnosis
and subtype, identified two molecular subtypes (fam-
ily A and family B) with cuprotosis characteristics, and
found that OA patients with family B characteristics had
higher expression levels of interleukin 2 (IL-2), IL-4 and
IL-5 together with helper T cell 1 (Th1)/Th2 imbalance in
vivo. Chang et al. [13] investigated the relationship be-
tween CRGs and immune cell infiltration activity in OA in
their study. However, the mechanism of cuprotosis in OA
remains unclear. It is of great significance to elaborate
the mechanism of action of CRGs in OA.

In this study, controls and OA samples were collected
from the Gene Expression Omnibus (GEO) database (htt-
ps://www.ncbi.nim.nih.gov/geo/), and cuprotosis-relat-
ed genes (CRGs) were then screened through bioinfor-
matics methods. Thereafter, screening of key biomarkers
was carried out via the machine learning algorithm, fol-
lowed by construction of a genetic diagnostic classifier
for OA, and immune infiltration analysis was completed
to explore the correlation between it and immune cells,
so as to render new strategies and directions for the
treatment of OA. Finally, 6 crucial genes were identified
as potential biomarkers related to cuprotosis in OA.

METHODS

Data collection

In the GEO database, relevant data were retrieved with
"Osteoarthritis" as the key word. Finally, the follow-
ing data sets were included into subsequent analysis:
GSE12021 (consisting of 9 controls and 10 OA samples,
sequencing platform: GPL96/GPL97), GSE1919 (includ-
ing 5 controls and 5 OA samples, sequencing platform:
GPL91), GSE29746 (including 11 controls and 11 OA
samples, sequencing platform: GPL4133), GSE55235
(incorporating 10 controls and 10 OA samples, sequenc-
ing platform: GPL96), GSE55457 (including 10 controls
and 10 OA samples, sequencing platform: GPL96) and
GSE89408 (consisting of 28 controls and 22 OA sam-
ples, sequencing platform: GPL11154). The sample
data in GSE12021, GSE1919, GSE29746, GSE55235 and
GSE55457 were incorporated as a training set, and those
in GSE89408 acted as a validation set. In addition, 19
CRGs were acquired for subsequent analysis with refer-
ence to the research of Tsvetkov et al. [10].
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Identification of CRGs in OA

Because the training set was composed of sequencing
data from different sequencing platforms, the system-
atic errors between different batches of sequencing
should be removed first. In brief, batch correction anal-
ysis was conducted on the five data sets in the train-
ing set using RobustRankAggreg package (RRA, https://
cran.r-project.org/web/packages/RobustRankAggreg/
index.html) and sva package (https://bioconductor.
org/packages/release/bioc/html/sva.html) (R language
code) through RRA and Batch methods [14,15]. Then,
the limma package (https://bioconductor.org/pack-
ages/release/bioc/html/limma.html) (R language code)
was utilized for differential expression analysis on se-
qguencing expression profiles of controls and OA sam-
ples in the training set, with logFC<-1 or logfFC>1 and
adP<0.05 as the screening thresholds, and finally the
differentially expressed genes (DEGs) in OA were ob-
tained. Thereafter, Pearson correlation analysis was im-
plemented between DEGs in OA and the 19 CRGs, and
CRGs in OA were identified with cor>0.5 and P<0.05 as
the screening criteria.

Construction of OA genetic diagnostic classifier

The overlapping CRGs were obtained by intersecting
the RRA group, the Batch group and the CRGs. Next,
the overlapping CRGs were analyzed by Least Absolute
Shrinkage and Selection Operator (LASSO) COX using
the "glmnet" package (https://glmnet.stanford.edu/
articles/glmnet.html) (R language code) in the training
set, and the optimal model was acquired by the pen-
alty term A compression coefficient [16]. In addition,
the "e1071" package (https://cran.r-project.org/web/
packages/el1071/index.html) (R language code) was
employed to establish a support vector machine-recur-
sive feature elimination (SVM-RFE) classifier, and the
feature vectors generated by SVM were used for fea-
ture selection to obtain crucial CRGs [17]. Afterwards,
the intersection between feature genes extracted by
the above two algorithms was utilized as biomarkers to
construct a diagnostic classifier for OA. Next, a violin
plot of CRG expression levels was plotted with the "gg-
pubr" package (https://cran.r-project.org/web/packag-
es/ggpubr/index.html) (R language code), followed by t
test with P<0.05 considered statistically significant [18].
After that, to assess the diagnostic value of biomark-
ers in OA, the receiver operating characteristic (ROC)
curves of samples distinguished by the genetic diag-
nostic classifier were plotted using the "pROC" package
(https://cran.r-project.org/web/packages/pROC/index.
html) (R language code) for both the training set and
the validation set, and the performance of the genetic
diagnostic classifier was evaluated based on the area
under the curve (AUC) [19].
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Correlation analysis between immune cells
and CRGs in OA

The "CIBERSORT" package (https://github.com/Moon-
erss/CIBERSORT) (R language code) was used to calculate
the infiltration abundance of 22 kinds of immune cells in
OA samples and controls [20]. Pearson analysis was imple-
mented to figure out the correlation between the expres-
sion level of CRGs in the genetic diagnostic classifier for
OA and the infiltration of the 22 immune cell types.

RESULTS

DEGs and CRGs identified in OA

Firstly, batch effect elimination was accomplished in
the five training data sets through RRA and Batch to
reduce systematic errors. Finally, 158 DEGs (|logFC>1|
and adP<0.05) and 111 DEGs (|logFC>1| and adP<0.05)
were identified by RRA and Batch in OA, respectively.
The first 20 up-regulated DEGs and 20 down-regulated
DEGs in the two methods are shown in the heat map
of gene expression level (Figure 1A and B). According to
Pearson correlation analysis, 2,033 CRGs were acquired
from the expression profile of OA samples.

CRGs identified in OA and diagnostic classifier
for OA constructed

By intersecting the RRA group, the Batch group and
CRGs, 18 differently expressed CRGs were obtained (Fig-
ure 2A). The LASSO COX model displayed the smallest fit-
ting degree when the penalty parameter A=-0.359, and
six potentially critical CRGs were acquired, namely bigly-
can (BGN), Ephrin-A3 (EPHA3), leukemia inhibitory factor
(LIF), natural killer cell granule protein 7 (NKG7), stimu-
lator of chondrogenesis 1 (SCRG1), and tumor necrosis
factor, alpha-induced protein 3 (TNFAIP3) (Figure 2B).
The SVM-RFE model had the smallest RMSE when the
eigenvalue was 16, and 16 potentially critical CRGs were
obtained, namely TNFAIP3, VEGFA, SCRG1, BGN, EPHAS3,
LRCH1, PTN, OLR1, LIF, NKG7, NR4A2, CXCL3, NELL1,
LRRC15, IL1R2 and KIAAO754 (Figure 2C). Totally six cru-
cial CRGs (BGN, EPHA3, LIF, NKG7, SCRG1 and TNFAIP3)
existed in both the LASSO COX model and the SVM-RFE
model (Figure 2D). With these six crucial CRGs, a genetic
diagnostic classifier for OA was constructed. The AUC
value of the classifier for identifying OA samples was
0.772 [95% confidence interval (Cl) = 0.666-0.865] in the
training set (Figure 2E) and 0.693 (95% Cl = 0.541-0.831)
in the validation set (Figure 2F), suggesting good diag-
nostic performance of the classifier in both sets. Moreo-
ver, it was uncovered that the expression levels of BGN,
EPHA3, NKG7, and SCRG1 were significantly higher in OA
samples than those in controls, whereas the expression
levels of LIF and TNFAIP3 were significantly lower in OA
samples than those in controls (Figure 2G-L).

Correlation between immune microenvironment
and CRGs in OA

The CIBERSORT algorithm was employed for analysis on
the infiltration abundance of immune cells in the im-
mune microenvironment of OA samples and controls.
The results showed that the abundance of plasma cells,
M2 macrophages and resting mast cells in OA samples
was higher than that in controls (Figure 3A and B). Sub-
sequently, the correlation between the six crucial CRGs
in the genetic diagnostic classifier for OA and immune
cells was analyzed in this study. It was revealed that the
expression level of BGN had a significant positive corre-
lation with the activity of MO macrophages and a sig-
nificant negative relation to eosinophils, plasma cells
and resting dendritic cells (P<0.05) (Figure 3C). The ex-
pression level of EPHA3 was significantly positively cor-
related with neutrophils and resting mast cells and sig-
nificantly negatively associated with eosinophils, plasma
cells and resting dendritic cells (P<0.05) (Figure 3D). The
LIF expression level exhibited a significantly positive cor-
relation with naive B cells and M1 macrophages and a
significantly negative relation to resting dendritic cells,
memory B cells and eosinophils (P<0.05) (Figure 3E).
A significantly positive correlation was found between
NKG7 expression level and T follicular helper cells, while
a significantly negative correlation was detected be-
tween it and neutrophils (P<0.05) (Figure 3F). SCRG1 and
memory B cells were significantly negatively correlated
(P<0.05) (Figure 3G). TNFAIP3 expression level showed
significantly positive associations with resting memory
CD4+ T cells and memory B cells (P<0.05) (Figure 3H).

DISCUSSION

Cuprotosis is triggered by the accumulation of copper
in mitochondria, leading to oxidative stress and mito-
chondrial dysfunction [21]. Genes involved in copper
transport and metabolism can influence cuprotosis in
chondrocytes, the key cells in cartilage, by disrupting
copper levels and triggering cellular death pathways
[22]. For example, CTR1 and SLC31A1, which encode
copper influx transporters, are vital for copper uptake
into cells. Dysregulation of these transporters can lead
to either copper deficiency or overload, both of which
can impair mitochondrial function and elevate oxidative
stress [23,24]. This makes them central to the patho-
physiology of cuprotosis, as copper dysregulation can
enhance chondrocyte susceptibility to this form of cell
death, contributing to cartilage degradation. Further-
more, genes like ATP7A, SLC25A3, CCS, and COX17,
which are involved in copper handling within mitochon-
dria, directly influence cuprotosis through maintaining
mitochondrial copper homeostasis. Impaired function
of these genes can exacerbate oxidative damage in car-
tilage, promoting the activation of cuprotosis [25,26].
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A: Heat map of the first 20 up-regulated DEGs and 20 down-regulated DEGs based on the difference analysis after batch
effect elimination by RRA. B: Heat map of the first 20 up-regulated DEGs and 20 down-regulated DEGs based on the dif-
ference analysis after batch effect elimination by Batch.
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Figure 2. CRGs identified in OA and diagnostic classifier for OA constructed

A: Venn diagram showing 18 overlapping CRGs obtained by intersecting the RRA group, the Batch group and CRGs. B: Cl
of the best penalty parameter (A) in LASSO COX model. C: Feature screening curve in SVM-RFE analysis. D: Overlapping
CRGs in LASSO COX model and SVM-RFE model. E: ROC curve of genetic diagnostic classifier for diagnosis in the training
set. F: ROC curve of genetic diagnostic classifier for diagnosis in the validation set. G: Violin plot of BGN expression level in
OA samples and controls. H: Violin plot of EPHA3 expression level in OA samples and controls. I: Violin plot of LIF expres-
sion level in OA samples and controls. J: Violin plot of NKG7 expression level in OA samples and controls. K: Violin plot of
SCRG1 expression level in OA samples and controls. L: Violin plot of TNFAIP3 expression level in OA samples and controls.
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Figure 3. Correlation between CRGs and immune microenvironment in OA

A: Accumulation diagram of the infiltration abundance ratio of 22 immune cells in OA samples and controls. B: Violin
plot showing the infiltration level of 22 immune cells in OA samples and controls. C: Lollipop chart of correlation
between BGN and infiltration abundance of 22 immune cells. D: Lollipop chart of correlation between EPHA3 and

infiltration abundance of 22 immune cells.



Revista Romana de Medicind de Laborator 2025:33(1)

£ B cells naive _ 0.002 T cells follicular helper —_— o027
Macrophages M1 —0 0.034 T cells CD8 — 0138
T cells follicular helper —l 0177 Monoeytes —_— 0.165
T cells CDS 0 0.246 T cells CD4 naive _— 0174
T cells 6D4 memory resting —) 0.255 NK cells activated —e) 0.206 abs(cor)
Mast cells resting — 0.328 B cells naive — 0.204 ® 01
T cells CD4 naive — 0.337 T cells CO4 memory activated — 0.309 ® 02
Dendritic cells activated —) 0.352 Plasma cells —) 0.365 903
T cells regulatory (Tregs) — 0.402 Eosinophils — 0.524 8 0.4
T cells gamma delta -—) 0513 B cells memory —) 0.577 0.5
Monocytes - 0.645 Macrophages M1 — 0.604
T cells CD4 memory activated - 0.801 Dendritic cells resting — 0.689
NK cells activated . 0.877 Macrophages MO o 0.762
Mast cells activated - 0.854 Mast cells resting =i 0.799
NK cells resting . 0.842 T cells gamma delta o 0.844 pvalue
Macrophages MO - 0.777 Dendritic cells activated — 0.638 0
Neutrophils - 0.730 Mast cells activated | — 0.585 l 0.2
Plasma cells ] 0.449 NK cells resting [ ] 0.313 0.4
Macrophages M2 *o— 0.150 Macrophages M2 [ —— 0.259 ' 0.6
Dendritic cells resting .— <0.001 T cells regulatory (Tregs) »r— 0.135 08
B cells memory (e <0.001 T cells CD4 memory resting o— 0.101 1
Eosinophils .— <0.001 phi . 0.025
=05 0.0 0.5 -0.4 -0.2 0.0 02 04
Correlation Coefficient Correlation Coefficient
G H
T cells gamma delta _. 0.096 T cells CD4 memory resting _. 0.008
Macrophages MO _. 0.109 B cells memory _. 0.035
Macrophages M2 e ) 0.395 NK cells resting —_— 0.138
B cells naive — 0.474 Mast cells activated — 0.388
Tcells CD4 naive S— 0513 Monocytes — 0653 abs(cor)
Mast cells resting — 0532 Macrophages MO - 0.828 ® 01
T cells CD4 memory activated — 0.602 T cells CD4 naive . 0.924 ® 02
T eelis follicular helper _— 0.752 Neutrophils 0.972 @03
NK cells activated -_ 0821 Macrophages M1 - 0,840 : 0.4
Macrophages M1 — 0713 T cells gamma delta - 0.834 0.5
Dendritic cells activated — 0622 Teells CD& - 0.784
Plasma cells — 0.448 T cells regulatory (Tregs) — 0.737
T cells regulatory (Tregs) —— 0422 Macrophages M2 — 0.698
T cells CD8 — 0.418 Mast cells resting ) — 0.556
MK cells resting — 0.401 Eosinophils P 0.478 pva lue
Neutrophils Dr— 0.320 Dendritic cells activated G 0.427 o
A @ 0.237 T cells follicular helper | e 0.380 l 0.2
E [ 0210 Dendritic cells resting D 0.323 ! 0.4
T cells CD4 memory resting D 0.202 B cells naive D 0.305 0.6
Mast cells 0.087 T cells CD4 memory activated [ — 0.264 0.8
Dendritic cells resting  (———— 0.084 NK cells @ 0211 1
B cells memory .— 0.036 Plasma cells - 0.190
-04 -0.2 0.0 0.2 04 -0.4 -0.2 0.0 0.2 0.4

Correlation Coefficient

Correlation Coefficient

Figure 3 (continued). Correlation between CRGs and immune microenvironment in OA

E: Lollipop chart of correlation between LIF and infiltration abundance of 22 immune cells. F: Lollipop chart of corre-
lation between NKG7 and infiltration abundance of 22 immune cells. G: Lollipop chart of correlation between SCRGT
and infiltration abundance of 22 immune cells. H: Lollipop chart of correlation between TNFAIP3 and infiltration

abundance of 22 immune cells.

Thus, identifying the genes related with cuprotosis may
provide a clear link between copper homeostasis and
OA progression, showing how copper dysregulation
contributes directly to the degeneration of joint tissues.
In the present study, therefore, CRGs were identified to
understand the relationship between cuprotosis and OA
mechanism. Moreover, immune infiltration analysis was
conducted to investigate the potential relationship be-
tween CRGs and immune cell infiltration.

By comparing two algorithms, six CRGs (BGN, EPHA3,
LIF, NKG7, SCRG1, and TNFAIP3) were identified, and the
genetic diagnostic classifier for OA composed of these
six genes displayed good diagnostic performance. BGN
is expressed in chondrocyte progenitor cells owing to
the stimulation of TGF-B3 and EGF, which may lead to
degeneration and regeneration in the advanced stage
of OA [27]. This is in line with the result of the present

study, that is, the expression level of BGN was higher in
OA samples than that in controls. Song et al. [28] found
that EPHA3 was a diagnostic marker of OA, EPHA3 was
significantly up-regulated in OA samples, and quercetin
might be able to treat OA by interacting with EPHA3.
NKG7 serves as a vital player in regulating lymphocyte
exocytosis and inflammatory responses of various dis-
eases. It aggravates infection-induced cellular inflam-
mation by affecting CD4+ and CD8+ T cells. Besides,
its expression in natural killer cells and CD8+ T cells is
very important for controlling cancer progression and
metastasis through promotion of CD107a translocation
and target cell killing. In the case of infections, NKG7
has an influence on the activation of CD4+ T cells, high-
lighting that NKG7 acts as a promising therapeutic tar-
get in different immune responses [29]. In the present
study, the results revealed that NKG7 had an increased



expression in OA samples. However, research on the role
of NKG7 in OA has not been conducted at present, and
exploration on the function of NKG7 is required. SCRG1,
as a diagnostic marker of OA, plays a vital role in the de-
velopment and progression of diseases by jointly regu-
lating immune-related pathways through the interaction
of related proteins [30]. Additionally, SCRG1 is involved
in the cell growth inhibition and differentiation in DEX-
dependent chondrogenesis, mainly by stimulating the
chondrogenesis of C3H10T1/2 cells, and has an elevated
expression in cartilage in vitro [31]. Ma et al. [32] found
that DHA attenutated the inhibition of sclerosing protein
by reducing LIF secreted by osteoclasts, thus weakening
abnormal bone remodeling, repressing angiogenesis in
subchondral bone, and further hindering the progres-
sion of OA. TNFAIP3 secreted by articular cartilage stem
cells can impede osteoclasts and improve the abnor-
mal remodeling of subchondral bone in OA [33]. The
above studies indicate that BGN, EPHAS3, LIF, SCRG1, and
TNFAIP3 are potential therapeutic targets of OA. In this
study, the genetic diagnostic classifier based on six CRGs
showed good diagnostic performance (AUC=0.772 in the
training set, AUC=0.693 in the validation set). These re-
sults denote that these genes may be biological markers
of cuprotosis in OA.

Furthermore, the infiltration abundance of immune
cells in OA samples was also analyzed, and it was dis-
covered that the abundance of M2 macrophages and
resting mast cells was higher in OA samples than that in
controls. Research revealed that reducing the infiltration
of M1 macrophages and promoting the infiltration of M2
macrophages in the synovium can suppress the injury of
subchondral bone and reduce the injury of articular carti-
lage [34]. Macrophage activation is not only the premise
of over-expression of matrix metalloproteinases, but also
an important step before the up-regulation of cytokines
and subsequent degradation and destruction of cartilage
[35,36]. In addition, Heng et al. [37] pointed out that the
increased abundance of resting mast cells was related to
the pathogenesis of OA. In the case that OA, M2 mac-
rophages are generally considered to exert anti-inflam-
matory and tissue repair effects, which is conducive to
inhibiting inflammation and facilitating the healing of
damaged tissues. In the case of OA, however, an eleva-
tion in the abundance of M2 macrophages may indicate
a complicated situation. M2 macrophages are helpful to
alleviate inflammation, but their high abundance may re-
flect the continuous inflammation and need of tissue re-
pair process in the disease, signifying the chronic and po-
tentially active state of the disease. This may also suggest
that the normal immune regulation mechanism is trying
to control the tissue damage and inflammation caused
by OA [38]. Hence, M2 macrophages at a high level may
reflect both the severity of pathological state and the
body's natural response to disease process.
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CONCLUSIONS

In conclusion, crucial genes were firstly screened by LAS-
SO COX and SVM-RFE models, including BGN, EPHAS3, LIF,
NKG7, SCRG1, and TNFAIP3. Then, a genetic diagnostic
classifier for OA was established with these genes as
biomarkers, which displayed high prediction accuracy.
These findings render new insights into the molecular
mechanism of OA and potential targets for the develop-
ment of therapeutic strategies. However, there are still
shortcomings in this study. First of all, the bioinformatics
analysis conducted in this study was based on previous
data, and the genetic diagnostic classifier for OA con-
structed in this study still needs to be validated for the
diagnostic potential by multi-center clinical trials with
a large sample size. Finally, CRGs were identified in OA,
but their functions were not clarified through cell experi-
ments and animal experiments.
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