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Abstract 

Messenger RNA (mRNA)-based vaccines present a promising avenue for cancer immunotherapy; however, their 
application in cervical cancer remains unexplored. This study investigated the interplay between the regulated 
cell death pathways of cuproptosis and ferroptosis to advance the development of mRNA vaccines for cervical 
cancer. We identified key cuproptosis-related and ferroptosis-related genes (CFRGs) from public mRNA profiles 
and determined their prognostic significance, mutation frequencies, and effect on the immune landscape. Our 
analysis revealed two distinct subtypes of cervical cancer associated with CFRGs, with differences in prognosis 
and immune characteristics. Using LASSO, XGBoost, and SVM–RFE methods, we established a 4-gene prognostic 
signature (TSC22D3, SQLE, ZNF419, and TFRC) to stratify patients based on their risk and determine its correlation 
with immune microenvironment, mutation profiles, and treatment responses. RT-qPCR validation confirmed 
the differential expression of these genes in clinical samples. Our findings identify TSC22D3, SQLE, ZNF419, and TFRC 
as candidate targets for mRNA vaccine development and offer a potential prognostic tool for personalized cervical 
cancer treatment.
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Introduction
Cervical cancer remains a significant global health 

challenge, ranking as the fourth most common cancer 
among women worldwide [1]. Despite advances in 
therapeutic strategies, the complex nature of cervical 
cancer necessitates a deeper insight to improve 
prognostic assessment and achieve tailored therapeutic 
interventions [2]. Prognostic biomarkers, particularly 
those exploring the molecular complexity of cell 
death pathways, have shown promise in refining risk 
stratification and guiding personalized treatment 
strategies [3–5].

Cancer vaccines reactivate the immune system against 
tumor cells with low toxicity and durable efficacy, mak-
ing them promising for widespread clinical application 
[6, 7]. mRNA vaccines have gained much attention due 
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to their enhanced modifiability, optimized development, 
and production efficiency, and reduced risk of insertional 
mutations compared to conventional peptide vaccines 
[8, 9]. Although human papillomavirus (HPV) vaccines 
were shown to contribute to cervical cancer prevention, 
their effect on cancer incidence may be limited due to the 
slow development of precancerous lesions [10, 11]. This 
limitation underscores the need for vaccines stimulating 
cell-mediated immune responses to effectively target and 
eliminate infected cells [12]. Moreover, a significant pro-
portion of patients with cervical cancer are HPV-nega-
tive, emphasizing the necessity for alternative therapeutic 
approaches [13].

Recently, the dynamic landscape of regulated cell death 
mechanisms, specifically ferroptosis and cuproptosis, has 
garnered increasing attention in the context of cancer 
biology and precision treatment [14–16]. First proposed 
by Stockwell et  al., ferroptosis is characterized by iron-
dependent lipid peroxidation [17, 18]. Cuproptosis, a 
more recently identified form of cell death, is induced by 
copper targeting fatty acylated TCA cycle proteins [19]. 
Both iron (Fe) and copper (Cu), essential trace elements 
for living organisms [20], play crucial roles in cupropto-
sis and ferroptosis. Intriguingly, copper ions can affect 
iron metabolism [21], and excessive copper accumulation 
potentially exacerbates iron-mediated toxicity and oxida-
tive stress [22]. Moreover, the degradation of ATP7A, a 
key copper transmembrane transporter, has been linked 
to increased levels of reactive oxygen species (ROS) and 
ferroptosis [23]. Several bioinformatics analyses –have 
revealed the associations between cuproptosis-related 
genes (CRGs) and ferroptosis-related genes (FRGs), lead-
ing to the establishment of prognostic models in various 
cancers [24–28]. However, the specific interplay between 
cuproptosis and ferroptosis and its clinical significance in 
cervical cancer remains unexplored.

This study aimed to address these knowledge gaps by 
comprehensively exploring cuproptosis–ferroptosis 
interaction in cervical cancer. We sought to elucidate 
the molecular mechanisms underlying the cross-talk 
between these two cell death pathways and identify cervi-
cal cancer subtypes associated with distinct cuproptosis 
and ferroptosis patterns. By developing a novel prognos-
tic gene signature based on the cuproptosis–ferroptosis 
interactome, we aimed to deepen our understanding of 
cervical cancer progression and improve patient stratifi-
cation. Furthermore, we explored the potential of these 
identified subtypes and gene signatures in guiding the 
development of mRNA vaccine, potentially opening new 
avenues for personalized immunotherapy in cervical 
cancer.

To achieve these objectives, we comprehensively 
analyzed gene expression profiles of CRGs and FRGs 

and constructed molecular interaction networks to 
identify the molecular subtypes of cervical cancer. We 
also applied machine learning algorithms to identify 
hub genes. By integrating clinical data, we evaluated the 
prognostic and biological significance of our findings 
and their potential therapeutic implications. Unraveling 
the complex interactions between cuproptosis and 
ferroptosis in cancer can improve the efficacy of existing 
treatments and guide the development of innovative 
treatment modalities, finally improving patients’ 
outcomes.

Materials and methods
Data collection and processing
We obtained gene expression data and corresponding 
clinical information for 306 cervical squamous cell carci-
noma and endocervical adenocarcinoma (CESC) samples 
from The Cancer Genome Atlas (TCGA) via the UCSC 
Xena database (https://​xena.​ucsc.​edu/). This data set 
also included transcriptome data from ten normal cervi-
cal tissue samples from the GETx portal. After excluding 
patients with missing follow-up information or survival 
times of less than 1  month, 283 patients with CESC 
remained for survival analysis. The gene expression pro-
file, measured by RNA sequencing, was normalized using 
the log2(x + 1) transformed TPM (transcripts per million) 
values. We acquired an independent gene expression 
dataset (GSE44001) from the Gene Expression Omnibus 
(GEO) database (https://​www.​ncbi.​nlm.​nih.​gov/​geo/) for 
external validation. CFRGs were curated from published 
literature, resulting in a comprehensive list of 293 candi-
date genes [19, 26, 29] (Table S1).

Screening and analysis of key CFRGs
Correlation analysis
We employed the Spearman correlation method to deter-
mine the associations between CFRGs. Genes with |cor-
relation coefficients|> 0.3 and adjusted p-value < 0.001 
were selected for further analyses.

Differential expression analysis
Differential expression analysis of CFRGs was conducted 
using the limma package [30], with a threshold of |log-
2Foldchange|> 1 and an adjusted p-value < 0.05. We also 
conducted a parallel analysis using raw count data pro-
cessed with the DESeq2 method to ensure the robustness 
of differentially expressed genes (DEGs). Interestingly, 
Spearman correlation analysis revealed that the DEGs 
identified using Limma (using log TPM) and DESeq2 
(using raw counts) were strongly correlated (correlation 
coefficient = 0.96, P < 2.2e-16) (Additional file: Fig. S1, 
Table S2).

https://xena.ucsc.edu/
https://www.ncbi.nlm.nih.gov/geo/
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Protein–protein interaction (PPI) network analysis
We used the STRING database to construct a PPI net-
work for the 98 identified CFRGs. The network was 
visualized using Cytoscape software. In addition, we con-
ducted an enrichment analysis of Wiki pathways for the 
identified CFRGs to unravel their biological significance.

Prognostic analysis and mutation analysis
We applied the univariate Cox regression algorithm to 
identify key CFRGs with prognostic significance in cer-
vical cancer. In addition, the maftools package [31] was 
adopted to measure the mutation frequencies of these 
CFRGs.

Unsupervised clustering based on CFRGs and enrichment 
analysis
We employed the ConsensusClusterPlus package [32] 
to categorize patients with CESC into two distinct sub-
types based on the expression levels of CFRGs. The 
clustering algorithm parameters were set as cluster-
Alg = “km” and distance = “euclidean”. Validation of the 
distinct subtype distribution was conducted using prin-
cipal component analysis (PCA). Kaplan–Meier (KM) 
curves were then employed to compare survival advan-
tages between the identified subtypes. In addition, the 
clusterProfiler package [33] was employed to conduct 
gene ontology (GO) and gene set enrichment analysis 
(GSEA) and determine functional annotations associ-
ated with these subtypes.

Gene selection based on machine learning and signature 
construction
Machine learning‑based gene selection
Three common algorithms, namely, LASSO, XGBoost, 
and SVM–RFE, were employed to identify key CFRGs. 
For the LASSO method, we conducted tenfold cross-
validation and set the penalty coefficient of each gene 
to 1. For the XGBoost method, we set the maximum 
depth of each tree to 6 and chose the “gain” parameter 
to represent the importance of CFRG. For the SVM–
RFE method, we estimated an internal tenfold CV error 
at each combination of SVM hyperparameters (Cost 
and Gamma) using grid search.

Prognostic signature construction and evaluation
We used a Cox proportional hazards model to estab-
lish a 4-gene signature for predicting the prognosis of 
patients with CESC. The risk score for each patient was 
calculated using the following formula:

Riskscore =

∑
n
(i=1)Coefi × Expi,

Patients with CESC were stratified into high-risk or 
low-risk groups based on the median risk score of the 
4-gene signature. The receiver operating characteristic 
(ROC) curve was adopted to calculate the area under 
the curve (AUC) values for 1  year, 3  year, and 5  year 
overall survival (OS). In addition, univariate and mul-
tivariate Cox analyses were conducted to determine 
the independent factors associated with risk scores and 
other clinical features.

Analysis of the tumor microenvironment, response 
to immunotherapy, and anti‑tumor drug susceptibility
We utilized the ESTIMATE package [34] for patients 
with CESC to comprehensively analyze the tumor micro-
environment (TME), including immune and stromal 
components, and the overall TME score. Furthermore, 
employing the CIBERSORT algorithm [35], we assessed 
the infiltration of 22 immune cell types. Tumor immune 
dysfunction and exclusion (TIDE) tool [36] was used to 
estimate TIDE scores and predict response to immuno-
therapy in patients with CESC. Subsequently, using the 
oncoPredict package [37], we calculated the sensitivity to 
198 anti-tumor drugs using pharmacogenomic data from 
the Genomics of Drug Sensitivity in Cancer (GDSC) 2 
database as the training dataset.

Reverse transcription quantitative polymerase chain 
reaction (RT‑qPCR)
For experimental validation, we collected 16 tumor sam-
ples and 5 adjacent normal tissue samples after surgi-
cal resection at the Second Xiangya Hospital of Central 
South University between January 2023 and June 2023. 
Fresh tissue specimens were immediately snap-frozen 
in liquid nitrogen after surgical removal and stored at 
−  80  °C until RNA extraction. The RT-qPCR procedure 
was conducted following our previously described meth-
odology [38, 39]. Following tissue homogenization, Trizol 
lysis buffer was utilized to extract total RNA. Thereafter, 
reverse transcription was conducted to generate cDNA. 
A preliminary assessment of experimental test reaction 
efficiency yielded a range of 95 to 105%. A single peak 
in the melting curve signifies the primer’s specificity. Ct 
values were experimentally derived and processed using 
the standard 2^(–ΔΔCt) method. Primers specific to the 
4-gene panel were designed as follows:

TSC22D3:
Forward Primer: GGA​TGA​ACA​AGG​GGA​TGG​CT
Reverse Primer: ACC​CGC​TAC​AGA​CAA​GCT​TT
SQLE:
Forward Primer: GAT​GAT​GCA​GCT​ATT​TTC​

GAGGC​
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Reverse Primer: CCT​GAG​CAA​GGA​TAT​TCA​CGACA​
TFRC:
Forward Primer: AAA​ATC​CGG​TGT​AGG​CAC​AG
Reverse Primer: TTA​AAT​GCA​GGG​ACG​AAA​GG
ZNF419:
Forward Primer: GCT​ATG​TGA​CCT​TTG​AGG​ATGT​
Reverse Primer: CAG​AGA​GGC​CAG​AAG​TGT​AAAG​

Statistical analysis
All statistical analyses and visualizations were conducted 
using R software (version 4.2.3) and GraphPad Prism 
software (version 8.0.1). Differences between different 
subgroups were assessed using student’s t-test unless 
otherwise specified. The log-rank test was employed to 
calculate p-values in Kaplan–Meier curves. All p-values 
were two-sided, and statistical significance was defined as 
P < 0.05 unless explicitly stated otherwise.

Results
Characterization of CFRGs in CESC
We first analyzed the correlation of CRGs with FRGs 
using the Spearman method to identify potential 
CFRGs. In total, 221 candidate CFRGs were visualized 
using ggalluvial package (Fig.  1A). PPI network analysis 
revealed significant interactions among the 221 CFRGs 
(p-value < 1.0e-16) (Fig.  1B). Functional enrichment 
of the network showed involvement in biological 
processes, such as copper metabolism and ferroptosis, 
highlighting the interaction between cuproptosis and 
ferroptosis (Fig. 1C). Next, we identified 98 differentially 
expressed CFRGs between normal tissues and tumors 
(Fig.  1D, Table  S3). Univariate Cox regression analysis 
also identified 17 CFRGs with prognostic significance 
(Fig. 1E). The mutation frequencies of these 17 prognostic 
CFRGs were generally low among patients with CESC 
(overall mutation frequency: 9.34%), evidenced by the 
waterfall plot (Fig. 1F).

Two distinct subtypes of CFRGs‑related CESC
Cervical cancer exhibits substantial molecular 
heterogeneity, and recent studies have identified distinct 
molecular subtypes associated with different prognoses 
and potential therapeutic implications [40–42]. For 
example, a transcriptomic study identified four distinct 
subtypes, including hypoxia, proliferation, differentiation, 

and immune activity. These subtypes are characterized by 
specific genetic and epigenetic alterations and differential 
expression of key genes and pathways. We identified two 
stable and distinct CFRG-related CESC subtypes using 
consensus clustering (Figs.  2A, B). The PCA algorithm 
confirmed that Cluster 1 and Cluster 2 had different 
distributions (Fig.  2C). The subtypes exhibited distinct 
expression patterns of CFRGs (Fig.  2D). In particular, 
Cluster 2 was associated with significantly favorable 
survival compared to Cluster 1 (Fig. 2E). Gene ontology 
enrichment of DEGs between subtypes implicated 
immune-related pathways, such as humoral immune 
response and complement activation (Fig.  2F). GSEA 
showed that oncogenic pathways were significantly 
enriched in Cluster 1 (Fig.  2G). These results suggest 
that CFRG expression patterns may be associated with 
differences in survival outcomes and immune-related 
processes in CESC, although further validation is needed 
to confirm these findings.

Screening key CFRGs with prognostic values based 
on machine learning
We applied several machine learning techniques for 
feature selection to identify key CFRGs that can predict 
prognosis. First, the LASSO method identified 13 optimal 
gene combinations with the minimum partial likelihood 
deviation (Fig. 3A). Next, the XGBoost algorithm ranked 
CFRGs based on their relative importance, from which 
we selected the top 10 candidates (Fig. 3B). Meanwhile, 
the SVM–RFE was used to generate error curves, 
indicating that the optimal number of features was 9 
(Fig.  3C). By intersecting the candidate genes obtained 
from LASSO, XGBoost, and SVM–RFE, we identified 
four CFRGs, including TSC22D3, SQLE, ZNF419, and 
TFRC, as the most important predictors of prognosis 
(Fig. 3D).

Generation of a CFRGs‑related signature
Building upon the four identified CFRGs, we established 
a prognostic signature for patients with CESC using 
the Cox proportional hazards model. The risk score 
was calculated as follows: Risk score = (−  0.276) * 
TSC22D3 + 0.237 * SQLE + 0.360 * ZNF419 + 0.216 * 
TFRC. KM curves indicated that patients in the high-
risk group had significantly worse OS compared to those 

(See figure on next page.)
Fig. 1  Identification and characterization of CFRGs in CESC. A A total of 211 genes significantly correlated between FRGs and CRGs. Due 
to the extensive number of FRGs, the specific FRGs are not listed in the legend. B STRING database revealed PPI network among the 211 CFRGs. C 
The enrichment strength of the PPI network in WIKI pathway platform. FDR: false discovery rate. D The volcano plot showed differentially expressed 
CFRGs in CESC. E Univariate Cox regression analysis identifying 17 CFRGs significantly associated with CESC patient prognosis. F Mutation frequency 
of the 17 prognostic CFRGs across cervical cancer patients from TCGA cohort. *p < 0.05, **p < 0.01
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Fig. 1  (See legend on previous page.)
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Fig. 2  CFRGs-related molecular subtypes of CESC patients. A Consensus heatmap of the two subtypes when k = 2. B The relative change 
of cumulative distribution function (CDF) curves when k = 2–6. C PCA plot showed separation of the two subtypes based on the 17 prognostic 
CFRGs expression. D Comparative analysis of expression levels for the 17 CFRGs between the two CESC subclusters. E KM analysis implemented 
to compare OS probabilities between the identified CESC subtypes. F Enrichment analysis highlighting the top ten GO terms associated with DEGs. 
G The top five hallmark gene sets ranked by GSEA algorithm. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001
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in the low-risk group (p = 0.0011) (Fig.  4A). The ROC 
analysis yielded AUC values of 0.78, 0.67, and 0.67 for 
1  year, 3  year, and 5  year OS, respectively, suggesting 
moderate prognostic ability (Fig.  4B). Validation in 
an external cohort also confirmed the predictive 
power of the 4-gene signature (Fig.  4C). Univariate 
and multivariate Cox regression incorporating clinical 
covariates revealed that the 4-gene signature could serve 
as an independent prognostic factor for OS (univariate: 
HR = 1.652, p < 0.001; multivariate: HR = 1.735, p = 0.027) 
(Fig.  4D, E). Stratification analyses showed that the 
signature stratified patients’ risk across age and stage 

(Fig.  4F, G), exhibiting robust performance in different 
clinical contexts. Together, these findings suggest that 
this 4-gene signature may possess potential prognostic 
value in CESC.

Analysis of tumor microenvironment infiltration
Ferroptosis or cuproptosis has been previously 
documented to interact with the tumor 
microenvironment (TME) and modulate anti-
tumor immune responses [43]. This study revealed 
a significant enrichment of DEGs associated with 
CFRGs in immune-related functions (Fig.  2F). 

Fig. 3  Identification of critical prognostic CFRGs using machine learning algorithms. A Distribution of partial likelihood deviance for log (lambda) 
in LASSO regression, illustrating the regularization path. B Feature importance obtained through XGBoost, highlighting key contributors 
to prognoses of CESC patients. C Distribution curve depicting the relationship between the number of features and tenfold cross-validation error. D 
Venn diagram revealed 4 key CFRGs
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Fig. 4  Construction and validation of a CFRGs-related 4-gene signature in CESC. A The low-risk patients had prominent OS advantage compared 
with high-risk (p = 0.0011, log-rank test). B Time-dependent ROC curves showing AUC values of 0.78, 0.67 and 0.67 for 1-, 3- and 5 year OS 
prediction, respectively. C Independent validation of our signature in GEO cohorts (GSE44001). D, E Univariate and multivariate Cox analyses 
of the 4-gene signature alongside other clinicopathological variables. F, G The application of 4-gene signature under clinical stratification

(See figure on next page.)
Fig. 5  Characterization of TME patterns in prognostic subgroups. A Boxplots showing significantly higher immune and ESTIMATE scores, measuring 
immune infiltration, in the low-risk group (Mann–Whitney U test) (B) Scatter plot revealing significant negative correlations between risk scores 
and immune as well as ESTIMATE scores. C The expression of immune checkpoint genes between subgroups, with upregulation in low-risk. D The 
low-risk patients had higher cytotoxicity scores. E The TME pattern in the two subgroups. F 7 cell types were identified based on canonical markers 
in GSE168152. G The violin plot illustrating the 4-gene signature scores across different cell types. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001
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Fig. 5  (See legend on previous page.)
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Therefore, we assessed TME infiltration levels in 
two distinct risk groups of patients. Utilizing the 
ESTIMATE algorithm, our analysis revealed that low-
risk patients have elevated immune and ESTIMATE 
scores (Fig.  5A). The scatter plot also confirmed a 
negative correlation between risk scores and both 
immune and ESTIMATE scores (Fig. 5B). In addition, 
we observed high expression levels of immune 
checkpoint genes in the low-risk patient group 
(Fig.  5C). Calculation of cytotoxicity scores indicated 
that low-risk patients exhibit high anti-tumor activity 
(Fig.  5D). Furthermore, a comparative analysis of the 
proportions of 22 types of lymphocytes indicated 
differences between the two risk groups, particularly in 
five distinct cell types (Fig. 5E). For instance, the high-
risk group exhibited a lower abundance of CD8 + T 
cells and a higher abundance of M0 macrophages. 
We employed the CESC dataset GSE168652 from 
the TISCH database to enhance the accuracy of our 
analysis of the 4-gene signature in the TME [44]. 
Based on canonical markers, we identified seven cell 
types, including CD8 + T cells, endometrial stromal 
cells, endothelial cells, fibroblasts, malignant cells, 
monocytes/macrophages, and smooth muscle cells 
(Fig.  5F). The violin plot suggested that the 4-gene 
signature had the highest scores in CD8 + T cells, 
malignant cells, and Mono/Macro cells, confirming 
the findings from bulk RNA-seq data (Fig. 5G).

RNA N6-methyladenosine (m6A) plays a pivotal role 
in remodeling the TME in different types of cancer 
and other diseases [45, 46]. Therefore, we compared 
the expression levels of 23 m6A regulators between the 
two risk groups. Boxplot analysis revealed a substan-
tial increase in nearly all m6A regulators in the high-
risk group (Additional file: Fig. S2). Collectively, these 
results support the interaction between ferroptosis/
cuproptosis and tumor immunity.

Single–nucleotide variation (SNV) and response 
to immunotherapy
We analyzed mutation profiles between the high-risk 
and low-risk groups. The top five most frequently 
mutated genes in the high-risk group were PIK3CA, 
TTN, MUC16, FLG, and SYNE1 (Fig. 6A). Meanwhile, 
the top five most frequently mutated genes in the low-
risk group were TTN, PIK3CA, KMT2C, MUC16, and 
DMD (Fig. 6B). Subsequently, we computed the tumor 
mutational burden (TMB) for each patient with CESC. 
Correlation analysis revealed a significant positive 
correlation between the risk score and TMB (Fig. 6C). 
Further comparative analysis of mutated genes 
revealed that high-risk patients had higher mutation 

frequencies in multiple genes, such as BRCA2, and 
TP53 (Fig.  6D). We applied the TIDE algorithm 
to assess the efficacy of immunotherapy among 
patients with CESC. The results indicated that high-
risk patients possessed high TIDE scores (Fig.  6E). 
Moreover, the barplot indicated that low-risk patients 
were more likely to benefit from immunotherapy 
(Fig. 6F). These results suggest differences in mutation 
patterns and predicted immunotherapy response 
between the risk groups.

Prediction of response to anti‑tumor drugs
To advance personalized treatment, we investigated 
differences in predicted response to anti-tumor drugs 
between prognostic subgroups. Sensitivity comparison 
and correlation analyses unveiled that the top 5 most 
effective drugs for low-risk patients were AZD6482, 
ribociclib, PF.4708671, KU.55933, and topotecan 
(Figs.  7A, B). Conversely, high-risk patients showed the 
best response to BI.2536, linsitinib, UMI.77, osimertinib, 
and NVP.ADW742 (Figs. 7C, D). These results provided 
insight into differential treatment strategies for CESC 
based on the risk defined using the CFRG signature. 
Targeting pathways modulated by sensitive drugs may 
improve clinical outcomes for each subgroup of patients.

RT‑qPCR
We collected 16 tumor samples and 5 para-carcinoma 
samples from patients with cervical cancer to validate 
the expression of the identified 4-gene signature. After 
collection, we conducted qRT-PCR experiments on these 
samples to assess the expression levels of TSC22D3, 
SQLE, ZNF419, and TFRC. Compared to normal 
adjacent tissues, SQLE and TFRC were upregulated in 
tumor tissues, whereas TSC22D3 and ZNF419 were 
downregulated (Fig.  8A, B). Notably, our results for 
SQLE and TFRC align with the results of previous studies 
demonstrating significant upregulation of these genes in 
cervical cancer [47, 48]. Interestingly, changes in ZNF419 
expression in our experiments were inconsistent with its 
coefficient in the risk score model. This phenomenon is 
not unprecedented in cancer research. Our risk score 
was developed using a machine learning approach that 
integrates expression patterns from several genes to 
provide a composite risk metric. Similar inconsistencies 
have been reported in previous studies on cervical 
cancer and other types of cancer [49–51]. To address 
this discrepancy and validate our findings, we recognize 
the need for additional analyses in independent cohorts. 
Future studies are crucial to evaluate the performance 
and robustness of our risk score model across different 
settings.
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Fig. 6  Tumor mutation burden and immunotherapy analysis. A, B The top 20 genes with the highest mutation frequency in the high-risk (A) 
and low-risk subgroups (B). C Positive correlation observed by the risk score with TMB (Spearman method). D Comparison of significantly different 
mutated genes between high-risk and low-risk subgroups. E TIDE score comparison between the two risk subgroups, indicating potential response 
to immunotherapy. F Stacked bar plot illustrating a higher response rate to immunotherapy in the low-risk group. **p < 0.01, ***p < 0.001
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Discussion
This study unraveled the intricate interplay between 
cuproptosis and ferroptosis in cervical cancer. Studies on 
regulated cell death mechanisms, specifically ferroptosis 
and cuproptosis, have increasingly gained attention in the 
context of cancer biology and precision treatment [43, 
52]. Therefore, it is very necessary to study the effect of 

ferroptosis and cuproptosis on signal transduction, prog-
nosis, and pharmacological treatment in cervical cancer.

Our analysis revealed the enrichment of CFRGs in cop-
per and iron metabolism, highlighting their importance 
in homeostatic regulation through intricate copper-iron 
interactions. Previous reports supported this conclu-
sion, demonstrating that copper facilitates ferroptosis 

Fig. 7  Predicted sensitivity to anti-tumor drugs between prognostic subgroups. A, C Boxplots depicting the differences in the top 5 drug 
sensitivities between the two risk subtypes. B, D Correlation scatter plots illustrating the significant associations between drug sensitivity 
and the risk score in the TCGA-CESC cohort
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by degrading the key inhibitor of ferroptosis GPX4 [53]. 
Copper chelators can reduce the sensitivity to ferroptosis, 
without inhibiting other forms of cell death. Controlling 
copper-iron homeostasis in malignant tumors and pro-
moting cell death are interesting therapeutic strategies.

Currently, mRNA technology stands as a principal 
approach in the development of tumor vaccines. Numer-
ous studies have documented the use of mRNA vaccines 
in the treatment of cancer, presenting promising thera-
peutic possibilities for personalized interventions [54–
56]. However, the clinical advantages observed among 
patients receiving mRNA-based vaccines remain limited 
to specific groups. This study delineated two subtypes 
associated with CFRGs, each possessing unique molec-
ular, immunological, and clinical characteristics. Our 
findings offer invaluable insights into the application of 
tumor vaccines.

Although the close link between ferroptosis and cervi-
cal cancer has been previously reported [57], ferroptosis 
and cuproptosis were not shown to reshape the immune 
microenvironment and regulate the anti-tumor immune 
response in cervical cancer. This study highlighted the 
importance of CFRGs in regulating immune responses 

and the TME. Considering that immunotherapy is gradu-
ally being incorporated into the treatment of cervical 
cancer [58], the identification of novel biomarkers or the 
combined use of cuproptosis or/and ferroptosis inducers 
is a promising strategy for cancer immunotherapy.

Using machine learning methods, we identified a 
4-gene signature (TSC22D3, SQLE, ZNF419, and TFRC) 
with significant prognostic relevance. TSC22D3 is a fer-
roptosis marker gene [59]. A previous bioinformatics 
study also identified TSC22D3 as a prognostic marker 
for gynecological cancer [60]. This consistency showed 
the potential of TSC22D3 in predicting the prognosis of 
patients with cervical cancer. SQLE, implicated in the 
CoQ10 pathway, acts as a defense mechanism against fer-
roptosis by inhibiting the generation of reactive oxygen 
species (ROS) [61]. Moreover, SQLE was shown to be 
associated with cuproptosis [62]. Guo et  al. found that 
SQLE is highly expressed in patient tissues and several 
cervical cancer cell lines [47]. SQLE regulates the pro-
liferation, migration, and invasion of CC cells by inacti-
vating the p53 pathway. Interestingly, we found a higher 
frequency of TP53 mutations in the high-risk group 
(Fig.  6D). The specific mechanism of SQLE and TP53 
signaling pathway is a topic worthy of further studies. 
ZNF219 is involved in the activation of p53, which subse-
quently modulates both ferroptosis and cuproptosis [63, 
64]. There is still a lack of research on ZNF219 in cervi-
cal cancer. However, a bioinformatics study suggested 
that ZNF419 can serve as a pan-cancer biomarker [65]. 
Transferrin receptor (TFRC) is a key driver of ferropto-
sis [66]. Huang et al. found that after TFRC knockdown, 
cervical cancer cells exhibited significant changes in vari-
ous physiological processes, such as immune response 
and cell metabolism [67]. This addition, two studies 
have shown that propofol or hyperoside can inhibit cer-
vical cancer cell growth by regulating TFRC, showing 
therapeutic promise [68, 69]. Collectively, these studies 
support the potential of the 4-gene signature for tumor 
development, prognosis, and therapeutic applications in 
cervical cancer.

This study significantly advances the current under-
standing of CESC. Firstly, we identified a novel 4-gene 
signature (TSC22D3, SQLE, ZNF419, and TFRC) with 
prognostic value in CESC. This signature was obtained 
through a rigorous process involving multiple machine 
learning algorithms (LASSO, XGBoost, and SVM–RFE) 
and can improve clinical decision-making and personal-
ized treatment strategies. In addition, our unsupervised 
clustering analysis revealed two distinct CESC subtypes 
based on CFRG expression profiles. These subtypes 
showed significant differences in terms of survival and 
were associated with distinct biological processes. This 
finding provides new insights into the heterogeneity of 

Fig. 8  Experimental validation of the 4-gene signature 
by RT-qPCR. A, B Cervical cancer tumor tissues (n = 16) compared 
to adjacent normal tissues (n = 5) obtained from patients 
at the Second Xiangya Hospital. HD: Healthy Donors. *p < 0.05, 
****p < 0.0001
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CESC and can guide future research on targeted treat-
ment. Finally, our integrative analysis of gene expression, 
mutation data, and PPI has expanded our understanding 
of the complex interplay between cuproptosis and ferrop-
tosis in CESC. This comprehensive approach highlighted 
potential mechanisms underlying the progression of 
CESC and identified novel therapeutic targets.

Despite the use of multi-omics datasets, This study had 
certain limitations. The discrepancy observed in ZNF419 
expression between our experimental results and the risk 
score model should be addressed in future studies in inde-
pendent cohorts. This addition, the functional roles of 
the genes in our signature, particularly in the context of 
cuproptosis and ferroptosis, should be explored through 
in  vitro and in  vivo experiments. Moreover, mechanistic 
studies elucidating the associations between CFRGs and 
the immune context are needed. Finally, larger multicenter 
prospective cohorts are needed to validate the prognostic 
value of the 4-gene signature.

In conclusion, this study introduced a novel perspective 
on CESC biology through the lens of cuproptosis and fer-
roptosis, offering potential prognostic tools and new tar-
gets for treatment.

Conclusion
Our comprehensive study established a novel 4-gene signa-
ture as a potent prognostic tool, offering invaluable insights 
for the personalized management of cervical cancer. By 
bridging the knowledge gaps toward cuproptosis, ferropto-
sis, and their interplay, this study contributes to the evolv-
ing landscape of cancer biology and introduces new targets 
for individualized therapeutic interventions. The identified 
genes, namely TSC22D3, SQLE, ZNF419, and TFRC hold 
promise not only as prognostic markers but also as poten-
tial antigens for developing future mRNA vaccines in cervi-
cal cancer.
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