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Abstract: Objective: This study aims to identify cuproptosis-related genes in Systemic Sclerosis (SSc) and construct a clinical
prediction model. Methods: The GSE33463 dataset was retrieved from the GEO database, and gene set enrichment analysis
(GSEA) was used to analyze the expression of pathways related to cuproptosis. Cuproptosis-related genes were extracted, and
potential key genes for SSc were selected using the LASSO and Boruta methods to construct a clinical prediction model. The
model's predictive ability was evaluated using K-nearest neighbors (KNN) and Lightgbm methods, with assessment based on
ROC curves, PR curves, confusion matrices, F-values, and 5-fold cross-validation. The importance of model variables was
evaluated using SHAP analysis. Results: Cuproptosis-related pathways were upregulated in SSc. Four key cuproptosis-related
genes (PDHB, DLST, PDHAI1, DBT) were identified using the LASSO and Boruta methods, leading to the construction of a
clinical prediction model through multivariable logistic regression. The model exhibited a C-index of 0.91, an AUC of 0.914
under the ROC curve, and strong performance in 5-fold cross-validation. KNN and Lightgbm models achieved AUC values of
0.9243 and 0.9763, respectively. PR curve AUC values of 0.8492 and 0.9480 demonstrated high precision, while confusion
matrix results revealed KNN and Lightgbm model accuracies of 0.8663 and 0.932, respectively. The models provide a basis for
the early diagnosis of SSc. Conclusion: The clinical prediction model, based on four cuproptosis-related genes, demonstrates
high predictive capability, aiding in the early diagnosis of SSc patients.
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1. Introduction

Systemic sclerosis (SSc), also known as scleroderma, is a
rare connective tissue disease characterized by immune
dysfunction, microvascular abnormalities, and fibrosis
affecting the skin and internal organs [1, 2]. The global
prevalence of SSc is estimated to be approximately 17.6 per
100,000 individuals, with an annual incidence rate of 1.4 per
100,000 people [3]. SSc can impact multiple systems, and
research suggests that early diagnosis leads to a longer life
expectancy, with a median survival period of 12 years for SSc
patients [4]. Therefore, exploring molecular biomarkers
related to the pathogenesis of SSc is beneficial for improving

the early diagnosis rate of the disease.

Cuproptosis represents a novel non-apoptotic cell death
pathway distinct from other known regulatory cell death
mechanisms such as apoptosis, necroptosis, autophagy, and
ferroptosis. It is a newly discovered, copper-dependent, and
regulatable mode of cell death. Cuproptosis involves the
targeted accumulation of copper ions within mitochondria,
where they bind to lipoylated proteins in the tricarboxylic acid
cycle of mitochondrial respiration. This binding drives the
aggregation of lipoylated-modified proteins, subsequently
leading to the downregulation of iron-sulfur cluster proteins,
inducing protein toxicity stress, and ultimately resulting in cell
death [5]. The functional role of cuproptosis in SSc remains
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elusive. Therefore, there is an urgent need for a deeper
understanding of SSc and the development of novel
biomarkers and treatment modalities.

This study employs bioinformatics analysis to identify crucial
cuproptosis-related genes, establish a clinical predictive model
for diagnosing SSc, and validate the model using various
machine learning methods. The findings from this research may
significantly contribute to the early detection of SSc.

2. Materials and Methods
2.1. Data Retrieval

Using "systemic sclerosis" as the keyword, the GSE33463
dataset was obtained from the Gene Expression Omnibus
database, comprising 19 healthy controls and 41 SSc patients,
with the detection platform being GPL16947.

2.2. Gene Set Enrichment Analysis (GSEA) and Acquisition
of Cuproptosis-Related Gene Expression Profiles

Cuproptosis-related genes (NFE2L2, NLRP3, ATP7B,
ATP7A, SLC31A1, FDXI1, LIAS, LIPT1, LIPT2, DLD, DLAT,
PDHAI1, PDHB, MTF1, GLS, CDKN2A, DBT, GCSH, DLST)
were identified. The GSEA software was utilized for the
analysis of the cuproptosis signaling pathway, with the number
of random permutations set at 2,000, and the statistical
significance determined by a false discovery rate (FDR) < 0.05.
The R software's limma package was used to extract the
expression profiles of the 19 cuproptosis-related genes.

2.3. Identification of HUB Genes

The LASSO and Boruta methods were employed to screen

for potential key genes associated with SSc pathogenesis. The
intersection of the results obtained from both methods yielded
the HUB genes associated with Cuproptosis in SSc.

2.4. Construction of Clinical Predictive Model

A predictive model was established using multivariable
logistic regression, accompanied by the creation of a
nomogram. The model's performance was assessed by
measuring the C-index, plotting ROC curves and calibration
plots, and depicting decision curve analysis to evaluate the net
benefit at different threshold probabilities, thereby
determining the clinical utility of the predictive model.

2.5. Machine Learning Model Validation

The K-Nearest Neighbors (KNN) and LightGBM
algorithms were employed to validate the binary
classification model built in step 1.4. The hyperparameters
were optimized using a random grid set at 20. The model's
predictive ability was evaluated using Receiver Operating
Characteristic (ROC) curves, Precision-Recall (PR) curves,
confusion matrices, F-values, and 5-fold cross-validation.
The SHAP method was used to assess the importance of each
variable in the model.

3. Results
3.1. GSEA Results

The results of Gene Set Enrichment Analysis (GSEA)
revealed an upregulation of Cuproptosis-related pathways in
SSc, with a false discovery rate (FDR) of less than 0.05
(Figure 1).
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Figure 1. GSEA Analysis Results.
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3.2. Identification of HUB Genes

Through the LASSO method, four key HUB genes (PDHB,
PDHAI1, LIPT1, FDX1) were selected, while the Boruta
method identified five HUB genes (PDHB, DLST, GCSH,
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PDHAL, DBT) (Figure 2). Taking the intersection of these two
sets of results yielded four common HUB genes (PDHB,
DLST, PDHALI, DBT).

Variable Importance

Figure 2. Key Gene Selection (A. LASSO B. Boruta).

3.3. Clinical Predictive Model Results

A clinical predictive model was constructed by
incorporating these four HUB genes through multivariable
logistic regression, visualized using a nomogram (Figure 3).
The model achieved a C-index of 0.91. The ROC curve

indicated an area under the curve (AUC) of 0.9114 (Figure
43A). The calibration curve displayed good consistency
(Figure 4B). Calibration curve results demonstrated the
highest clinical net benefit when the threshold probability
ranged from 0.2 to 0.8 (Figure 5).

0 10 20 30 40 50 60 70 80 90 100
Points L 1 1 1 1 1 1 1 1 1 J
PDHB r T T r T T T )
10 10.5 1 115 12 125 13 135
DLST r T T T T T T T T 1
10.6 10.4 10.2 10 9.8 9.6 9.4 9.2 9 8.8
DBT T
92 83
94 11
Total Points r T T T T T T T T T T T T |
0 10 20 30 40 50 60 70 80 90 100 110 120 130
Risk of diagnosis —

Figure 3.

0.1 0.5 0.9

Clinical Prediction Model Nomogram.



American Journal of BioScience 2023; 11(6): 142-149

A AUC= 0.9114

0.6 0.8 1.0
Il
\

True positive rate

0.4

0.2

0.0
|

T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate

145

T T T T T T T
« _i
o
=
o
=
=3
Q
g o
e S
@
o
[
@
o
[
&=
o
©
s =
[ — o
o
[
n
o
c
(=)
©
5 Apparent
§ g - —— Bias—corrected
g - ldeal
o
o

m T T T T
0.0 0.2 0.4 0.6 0.8

Nomogram-—predicted probability

Figure 4. ROC Curve of the Predictive Model and Clinical Decision Curve (A: Dashed line represents the ideal model, solid line represents the actual
performance of the model, the closer the solid line is to the dashed line, the stronger the model's predictive ability. B: ROC curve with an AUC of 0.9114).

—— prediction nomogram

All
. —— None
PR
o~
N
1]
[—
[
o)
@
z
pug
o
2
I T T T T 1
0.0 0.2 0.4 0.6 0.8 1.0

Threshold probability

Figure 5. Clinical Decision Curve.

3.4. Machine Learning Validation Results

The results of the K-Nearest Neighbors (KNN) and
LightGBM algorithms showed ROC areas under the curve of
0.9243 and 09763, respectively (Figure 6). The
Precision-Recall (PR) curve areas under the curve were
0.8492 and 0.9480, respectively (Figure 7). Shap visualization
revealed that in both KNN and LightGBM algorithms, the
most important variables were DLST and PDHB (Figure 8),

consistent with the clinical predictive model results. The
confusion matrix displayed the following outcomes: For the
KNN predictive model, True Positive Rate (TPR) was 0.739,
True Negative Rate (TNR) was 0.946, accuracy was 0.8663,
and the F1 score was 0.810. The LightGBM predictive model
showed a TPR 0of 0.857, TNR 0f 0.974, accuracy 0f 0.932, and
an F1 score of 0.899 (Figure 9). In 5-fold cross-validation, all
model ROC values exceeded 0.7 (Figure 10).
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Figure 8. SHAP Visualization (A. KNN B. Lightgbm).
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4. Discussion

Systemic sclerosis (SSc) is a challenging autoimmune
disease that significantly impacts patients, characterized by
high morbidity and mortality rates. Investigating the
pathogenic mechanisms of SSc and achieving early diagnosis
for intervention are of paramount importance. Despite
numerous etiological studies conducted on SSc, the
immunological pathogenesis and relevant therapeutic targets
remain elusive. Previous research has highlighted the
significant role of cuproptosis in rheumatic immune diseases
[6, 7]. However, the role of cuproptosis in the development
and progression of SSc has not been previously studied.

Copper ions are crucial trace elements in the human body,
playing pivotal roles in various biological processes, including
energy metabolism, antioxidant defense, and cell signal
transduction. Nevertheless, when copper ion concentrations
exceed the normal range, oxidative stress can occur. This is
because high concentrations of copper ions can catalyze the
generation of reactive oxygen species (ROS), such as
superoxide anions, hydrogen peroxide, and hydroxyl radicals.
These ROS can damage biological macromolecules such as
cell membranes, proteins, and DNA, leading to cellular injury
and death [8]. Excessive ROS-induced oxidative stress plays a
crucial role in the pathogenesis of systemic sclerosis. Firstly,

oxidative stress can promote the activation and proliferation of
fibroblasts, leading to increased collagen production and
deposition, resulting in fibrosis of the skin, lungs, and other
organs [9]. Secondly, oxidative stress can cause damage and
dysfunction of vascular endothelial cells, leading to
vasoconstriction and thrombosis, further exacerbating the
symptoms of systemic sclerosis [10]. Moreover, oxidative
stress can also influence the function of the immune system,
causing abnormal activation of immune cells and the
persistence of inflammatory reactions, thereby accelerating
the progression of systemic sclerosis [11]. Studies have shown
that copper ion levels are significantly elevated in SSc patients
compared to healthy individuals [12]. Cuproptosis is
characterized by the intracellular accumulation of copper ions,
leading to the accumulation of mitochondrial lipoylated
proteins and instability of Fe-S cluster proteins, ultimately
resulting in cell death. Certain drugs such as penicillamine, a
copper ion chelator, have been used to treat diseases
associated with connective tissue, such as rheumatoid arthritis
and scleroderma. This study revealed the upregulation of
cuproptosis-related pathways in SSc patients, suggesting a
potential role for cuproptosis in the pathogenesis of SSc.

In this study, we constructed a clinical predictive model for
diagnosing SSc, with four cuproptosis-related genes identified
as potential key genes involved in the pathogenesis of SSc.
Machine learning results demonstrated that various indicators,
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including ROC curves, calibration curves, PR curves, and the
C-index, showed that the model effectively distinguishes
between normal patients and SSc patients. Among the four
cuproptosis-related genes, PDHB and PDHA1 represent two
E1 subtypes of pyruvate dehydrogenase, primarily located in
the mitochondria of cells, where they catalyze the conversion
of glucose-derived pyruvate to acetyl coenzyme A [13, 14].
Acetyl coenzyme A is an indispensable component of the
tricarboxylic acid (TCA) cycle [15], where it combines with
oxaloacetate to form citrate, which subsequently enters the
TCA cycle [16, 17]. Citrate is a critical molecule in energy
production metabolism, and one study has shown a significant
reduction in citrate levels in the serum of SSc patients
compared to the control group [18]. Once synthesized within
the mitochondria, citrate promotes oxidative phosphorylation,
leading to ATP production [19]. Under inflammatory
conditions, such as in systemic lupus erythematosus, the
reduced availability of energy increases the demand for ATP
[20]. Citrate has also been shown to possess important
immunological properties, regulating proinflammatory
processes within macrophages [18], suggesting that
modulating citrate production through the regulation of PDHB
and PDHA1 may represent a potential therapeutic approach
for treating SSc. DLST encodes a crucial protein involved in
mitochondrial lipoylation [5]. Studies by Udumula et al. have
indicated that inhibiting DLST reduces oxidative
phosphorylation in myeloid cells and modulates immune
microenvironments [21]. Colliou et al. discovered through
related research that increased expression of the DLAT gene
significantly enhances intestinal Th17 cells, thus preventing
inflammatory diseases [22]. DBT regulates the degradation of
branched-chain amino acids and is a transacylase component
of the mitochondrial multienzyme branched-chain a-ketoacid
dehydrogenase complex. A study by Ahn et al. suggested that
under hypoxic conditions, peroxiredoxin V binding to DBT
can modulate cellular oxidative stress and mitochondrial
transport, among other biological activities [23]. In summary,
based on previous research, it is conjectured that the four
cuproptosis-related genes may play a role in the pathogenesis
of SSc by influencing oxidative stress, inflammation, and
other pathways. However, further in-depth research is
required to elucidate how they may prevent and treat SSc by
regulating cuproptosis.

5. Conclusion

This study employed bioinformatics techniques to identify
four core cuproptosis-related genes and construct a clinical
predictive model for SSc, providing a theoretical basis for early
SSc diagnosis. Nonetheless, elucidating the mechanisms of
cellular cuproptosis in SSc remains a focus of future research,
necessitating further cell and animal experiments for validation.
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