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Abstract

Objective: Cervical cancer (CESC) remains a leading cause of cancer-related mortality in women.
Recent studies have identified ferro-aging as a genuine biological pathway in primates, representing an
iron-dependent metabolic process. However, cellular ageing and the decline in overall physiological
function play a crucial role in tumour progression. Based on this, we have established a prognostic model
related to ferro-aging and evaluated its predictive and diagnostic value in cervical cancer.

Methods: We integrated data from the The Cancer Genomics Atlas (TCGA), the Gene Expression Online

Resource (GEO) and single-cell RNA sequencing datasets. Following the identification of ferro-aging-
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related gene (FARGs) based on the literature, we constructed a prognostic model using machine learning
algorithms and analysed model features via Shapley-based interpretability (SHAP) analysis. The Scissor
algorithm was employed to evaluate cell populations associated with high- and low-risk groups. Studies
on intercellular communication and spatial transcriptomics revealed the process of tumour
microenvironment remodelling. Finally, potential therapeutic compounds were identified through AI-
assisted virtual screening and molecular docking.

Results: A total of eight FAR model genes were ultimately identified: DUOXI, E2F1, ILIB, KEAPI,
MAP3K14, SLAMFS, TFRC and TNFAIP3. This study constructed and validated a novel risk profile
model comprising these eight ferro-aging-related genes; this model demonstrated moderate prognostic
discriminatory power in both internal and external cohorts, with the tumour microenvironment in the
high-risk group exhibiting an immunosuppressive state. Using single-cell RNA sequencing to assess
cellular heterogeneity, macrophages, epithelial cells and CD8+ T cells were identified as key factors in
CESC progression. Pseudotime analysis was performed to visualize the expression levels of FARGs
along the pseudotime axis and explore how FARGs participate in the dynamic process of EndMT. Spatial
transcriptomics was employed to map the distribution and expression of FARGs within epithelial cells
in the tumour microenvironment. Intercellular communication intensity was increased in the low-risk
group, with epithelial cells in this group signalling to macrophages via the APP-CD74 pathway. Drug
screening indicated that BRD-A56371469 is likely to bind to DUOX1.

Conclusions: The FARG signature is a robust independent prognostic indicator for CESC. The integrated

pipeline offers insights into ferro-aging biology and suggests novel therapeutic candidates.

Keywords: cervical cancer; ferro-aging; machine learning; SHAP; single-cell; spatial transcriptomics;

drug screening

1.Introduction

Cervical cancer (CESC) is the fourth most common malignant tumour among women worldwide and
one of the leading causes of cancer-related deaths in women,; its incidence remains particularly high in
developing countries[ 1, 2]. Although the widespread use of human papillomavirus (HPV) vaccines and
early screening methods have significantly improved the prevention and control of cervical cancer, the
prognosis for patients with advanced disease remains poor, and incidence and mortality rates continue to
rise, placing a heavy clinical and economic burden on both individual patients and the healthcare
system[3, 4]. Treatment for this disease typically involves surgery, chemotherapy and long-term
monitoring, with treatment costs remaining high; recurrence and metastasis are the primary causes of
treatment failure[5]. Therefore, identifying new biomarkers, gaining a deeper understanding of their
molecular mechanisms, and developing targeted therapeutic strategies are of significant clinical
importance[6].

Various treatment limitations highlight the need to investigate the molecular mechanisms underlying
cervical cancer and to screen for clinically useful biomarkers to aid in diagnosis, prognostic assessment
and optimisation of clinical management[7, 8]. Significant tumour heterogeneity, persistent activation of
inflammatory signals and the formation of an immunosuppressive tumour microenvironment are key
factors contributing to clinical challenges; these factors can lead to treatment resistance and tumour
recurrence.Single-cell RNA sequencing has now become a primary tool for understanding disease
mechanisms[9]. For patients with cervical cancer, a disease characterised by intricate pathogenesis,

cutting-edge research methods are essential to thoroughly elucidate the tumour immune
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microenvironment and cellular heterogeneity[10]. Current research is gradually unravelling the complex
molecular characteristics of cervical cancer, confirming that senescence plays a key role in tumour
progression; as a component of the tumour microenvironment attracting significant attention, research in
this area is gaining increasing momentum/[11].

Recent studies have revealed that “Ferro-aging” constitutes a genuine, modifiable biological pathway in
primates; it is an iron-dependent metabolic programme driven primarily by the ACSL4-dependent iron-
lipid axis[12]. This process accelerates up the gradual deterioration of organ function in addition to
directly encouraging cellular senescence. This senescence may lead to conditions like neurological,
metabolic, and heart disease[13]. At the cellular level, as senescent cells proliferate, the senescence-
associated secretory phenotype (SASP) they release further interferes with intercellular communication,
causes continuous sterile inflammation, and hinders tissue regeneration and repair while toxic chemicals
continue to construct up[14, 15].

Cellular senescence and cancer have a very intricate relationship.. Cellular senescence is thought to be
an anti-tumor mechanism that protects against the development of cancer; injured cells go into a
senescent circumstance to stop cells from dividing further, which stops the growth of tumors[16, 17]. On
the other hand, the senescence-associated secretory phenotype stimulates the growth, invasion, and
metastasis of tumors by acting on surrounding healthy cells; the recurrent build-up of these secretions
also causes chronic tissue inflammation, which further encourages the development of tumors[18].
Depending on the milieu in which they live, senescent cells release different cytokines that have both
pro- and anti-tumor affecting effects[19].

Ferro-aging is a lipid peroxidation-driven, iron-triggered, ACSL4-regulated senescence process that
differentiates in some ways from ferroptosis[12]. Nevertheless iron metabolism is the primary cause of
both. Ferroptosis can protect the body from cervical cancer by eliminating pathogens and slowing the
illness's advancement. However, in more advanced stages of the disease, ferroptosis may worsen tissue
damage and hasten the disease's progression[20]. However, there is still insufficient amount of systematic
study on the expression profiles, prognostic implications, and regulatory responsibilities of ferro-aging-
related genes in the cervical cancer tumor microenvironment.

Ferro-aging-related genes (FARGs) are systematically screened to utilize multi-omics data (which may
include transcriptomics, single-cell RNA sequencing, and spatial transcriptomics), a FARG-based
prognostic model for cervical cancer is established and validated. These model features are analyzed
using machine learning and artificial intelligence technologies, their associations with immune
infiltration, intercellular communication, and spatial heterogeneity are explored, and potential
therapeutic compounds are investigated in the hope to provide new targets and protocols for the precision
treatment of cervical cancer.

2. Materials and methods

2.1 Data download and processing

All data used in this study were publicly available and freely accessible. Expression profiles and survival
data for cervical cancer samples were downloaded from the The Cancer Genome Atlas (TCGA) database
and the Gene Expression Online Resource (GEO); expression profile data were transformed using
log2(TPM + 1) for further analysis. The TCGA-CESC dataset comprises 309 cervical cancer samples,
which served as the training set for constructing the FARG; the GSE44001 dataset served as an
independent validation cohort, comprising 300 cervical cancer samples with clinical information. In
addition, we retrieved single-cell RNA sequencing (scRNA-seq) data for one CESC tumour and one

normal tissue from GSE168652 to visualise the gene expression profiles of each cell cluster. Sets of ferro-
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aging-related genes were extracted from published literature[12]. Spatial transcriptomic data were
obtained from 10xVisium. This study strictly adheres to the data access guidelines of each database; as
the research data were primarily derived from publicly available datasets, no additional ethical review
was required.

2.2 Cox Regression and Consensus Clustering

We applied univariate Cox regression and consensus clustering analyses on the TCGA-CESC cohort to
clarify the biological characteristics of associated putative prognostic factors and the possible prognostic
features associated with FARGs in CESC. First, using the “survminer” package in R, univariate Cox
regression was used to assess potential predictive signs based on clinical data from patients with cervical
cancer, with a significance threshold of P < 0.05. Additionally, CESC patients were separated into high-
and low-risk groups utilizing the R package “ConsensusClusterPlus”.

2.3 Interpretable Machine Learning and Prognostic Model Construction

The filtering criterion for the univariate Cox analysis was set at CoxPfilter = 0.05. Genes were iterated
through to identify FAR genes associated with prognosis, and expression data for univariate significant
genes were extracted. To identify prognostic features associated with FARGs, we established an
integrated analysis workflow comprising ten machine learning algorithms: random survival forest (RSF),
elastic network (Enet), Lasso, Ridge, stepwise Cox, CoxBoost, Partial Least Squares Regression for Cox
(PLS-RCOX), Supervised Principal Components (SuperPC), Generalised Boosted Regression Modelling
(GBM), and Survival Support Vector Machine (Survival-SVM). Based on the maximum mean C-index
across the training and testing sets, we assessed these models and classified 101 distinct model
configurations. The genes linked with FAR prognosis were chosen from the top-ranked model. The
Shapley Additive Explanations (SHAP) approach was used for model interpretability analysis in order
to clear the estimation mechanisms of the best machine learning model. This method increases
confidence in the predictions by giving feature importance and increasing model confidence. The SHAP
values for every feature in every sample were calculated using the Python shap package. A feature's
marginal contribution to the model's predictive output (from the baseline value to the final anticipated
value) is expressed in SHAP values. The patterns of connection between these FARGs and risk for disease
are demonstrated by the SHAP swarm plots. The SHAP swarm plots reveal the association patterns
between these FARGs and disease risk. Model performance was quantified for the training cohort and an
independent cohort using the C-statistic, Kaplan-Meier (KM) curves, and time-dependent ROC analysis,
utilising the survival and survival-mining packages in R.

2.4 Survival Analysis and Time-Dependent ROC Curves

The log-rank test was utilized to determine statistical significance, and Kaplan-Meier curves were
utilized to investigate overall survival differences between high- and low-risk groups. To further illustrate
the effectiveness of risk classification, gene expression heatmaps, risk score distribution plots, and
survival status scatter plots were created. The area under the curve (AUC) was calculated using the
timeROC package (version 0.4) in evaluating the model's prediction accuracy at 1, 3, and 5 years. The
model performs well in terms of prediction when the AUC is greater than 0.7. To determine if the risk
score may function as an independent prognostic factor and is independent of clinical and pathological
criteria involving T-stage, age, and tumor grade, univariate and multivariate Cox regression analyses took
place out.

2.5 Construction and Evaluation of Receiver Operating Characteristic (ROC) Curves

Using the rms package (version 6.5-0), ROC curves were created to predict patients' 1-year, 3-year, and

S-year survival chance through the combination of the risk score along with significant clinical and
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pathological data found in the independent prognostic analysis. While the clinical net benefit was
calculated using decision curve analysis, the predictive consistency of the ROC curves was investigated
using calibration curves (Hosmer-Lemeshow test).

2.6 Gene Set Enrichment Analysis and Immune Infiltration Analysis

To investigate and elucidate potential mechanisms of action, functional enrichment analyses were
performed using the Kyoto Encyclopedia of Genes and Genomes (KEGG) and the Gene Ontology (GO).
We performed KEGG analysis using the clusterProfiler R package[21]. A corrected p-value of less than
0.05 was considered statistically significant. The ESTIMATE package was used to calculate stroma
scores, immune scores, and tumour purity for TCGA samples. The CIBERSORT algorithm was used to
assess the relative abundance of 22 immune cell types in each sample and to compare differences in
immune cell infiltration between high- and low-risk groups.

2.7 Single-cell RNA-seq Analysis and Spatial Transcriptomics Analysis

Single-cell RNA-seq data (GSE168652), comprising one cervical cancer tissue and one adjacent normal
tissue (totalling 22,998 cells), were obtained from the GEO database. The ‘Seurat’ package was used for
quality control of the single-cell sequencing data. A logFC of 0.585 and a corrected p-value of 0.05 were
used as filtering criteria. The PercentageFeatureSet function was employed to calculate the percentage
of mitochondrial genes, and the characteristic genes for each PCA component were plotted. Subsequently,
cells were clustered, differentially expressed genes within each cluster were identified, and cell
annotation was performed; the clusters were visualised using TSNE. The clusterProfiler package in R
was used to identify the biological functions of marker genes in each cell population. To investigate
intercellular communication, the CellChat package was employed to construct intercellular interaction
networks and infer their underlying signalling mechanisms. Additionally, the Monocle algorithm was
implemented to rebuild developmental paths for several cell types. Additionally, the 10xVisium database
consisted of spatial transcriptome data for CESCs. The distribution of target cells and genes was assessed
using the readRDS and SCTransform packages from the Seurat program; R version 4.5.3 was used of
illustrating the findings.

2.8 Al-based Drug Screening and Molecular Docking

Using Python (3.13), we calculated the ‘v-score’ effect size for each gene based on gene expression data
from the control (Control) and disease (Treat) groups, and encapsulated these as standardised AnnData
objects to serve as input for the drug repositioning tool DrugReflector. Using DrugReflector and artificial
intelligence methods, we predicted disease-related drugs. The FARGs protein structures used for docking
were downloaded from the AlphaFold database, whilst the 3D structures of the small molecules were
obtained from the PubChem database and energy-minimised under the MMFF94 force field. This study
employed AutoDock Vina 1.2.3 for molecular docking; prior to docking, hydrogenation of the receptor
protein was performed using PyMol 2.5.5. Subsequently, a docking box was defined to enclose the entire
protein structure. Additionally, all pre-processed small compounds and the receptor protein were
converted into the PDBQT format needed for AutoDock Vina 1.2.3 docking using ADFRsuite 1.0. The
global search thoroughness was set to 32 during docking, while the reverse parameters were left at their
default values. The docking findings were finally visualized using PyMol 2.5.5 and Discovery Studio
2025. The docking conformation with the highest score was regarded as the binding conformation.

2.9 Statistical Analysis

Statistical analysis was performed using R software. For continuous variables, group comparisons were
conducted using either Student’s t-test or the Wilcoxon rank-sum test, with the specific method chosen

depending on the data distribution. Associations between variables were assessed using Pearson’s or
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Spearman’s correlation analysis. Statistical significance was defined as P < 0.05 or FDR < 0.05.

3. Results

3.1 Prognostically relevant FARGs and SHAP feature importance analysis

A univariate Cox analysis of 95 FARGs using the TCGA database identified 16 FARGs associated with
prognosis (Figure 1A). We used the TCGA-CESC dataset as the training set and the GSE44001 dataset
as the test set. The results from 113 machine learning algorithms indicated that, when ranked by the mean
C-index, the StepCox[backward]+Enet[alpha=0.2] model exhibited the highest mean C-index for both
the training and test sets; this model was therefore selected as the optimal model (Figure 1B). SHAP
values reflect the contribution of each independent variable to the results of the predictive classification
model, helping to elucidate the extent of influence and importance of each feature in the model’s
decision-making  process.  Therefore, we calculated the SHAP wvalues for the
StepCox[backward]+Enet[alpha=0.2] model. The bar chart of feature importance scores derived from
the SHAP values (Figure 1C) indicates that TRFC has the most significant influence on the model’s
predictive results. We have illustrated the direction and strength of each feature’s influence on the model’s
predictions; each point represents the SHAP value for a single sample, with colours shifting towards
purple indicating higher values and towards yellow indicating lower values (Figure 1D).

3.2 Evaluation of Clinical Factors in the Prognostic Model

Patients were divided into high-risk and low-risk groups using the median risk score from the training
cohort as the cut-off value. Kaplan-Meier survival analysis revealed that overall survival was
significantly worse in the high-risk group compared with the low-risk group (P <0.001, Figure 2A). Post-
hoc analyses indicated that the model we constructed serves as an independent prognostic factor,
independent of other clinical characteristics, and that the calculated risk score is an independent
prognostic factor for cervical cancer (Figure 2B). To enhance predictive performance, this study
combined the risk score with clinical features such as age, grade and T-stage to construct a survival plot
(Figure 2C). The predictive accuracy of this nomogram was assessed using receiver operating
characteristic (ROC) curves, with results showing area under the curve (AUC) values of 0.873, 0.734
and 0.803 for 1-year, 3-year and 5-year survival, respectively (Figure 2D). These findings validate the
nomogram’s predictive capability regarding cervical cancer prognosis. Calibration curves demonstrated
that the predicted survival probabilities closely aligned with the reference line, confirming the excellent
predictive accuracy of this nomogram (Figure 2E). Furthermore, we compared the expression levels of
eight Ferro-ageing-related genes in tumour and normal tissues. Among these, DUOX1, E2F1, IL1B,
KEAP1, SLAMFS8 and TFRC were up-regulated in tumour tissues, whilst MAP3K14 was down-
regulated (Figure 2F).

3.3 Functional Enrichment Analysis and Correlation with Immune Infiltration

We further conducted a GO enrichment analysis to identify the top 15 most significant terms. The GO
analysis revealed the functional tendencies of differentially expressed genes across three dimensions (BP,
CC and MF). Among these, BP primarily involved “lymphocyte-mediated immunity” and “leukocyte-
mediated immunity” (Figure 3A); the most significant terms in CC were “T cell receptor complex™ and
“plasma membrane signalling receptor complex” (Figure 3B); and the top-ranked terms in MF included
“antigen binding”, “cytokine activity” and “cytokine receptor binding” (Figure 3C). The majority of these
are related to the immune system. We also performed KEGG pathway analysis and visualised the top 15
pathways, with the most significantly correlated being “Cytokine-cytokine receptor interaction”,
followed by “Hematopoietic cell lineage” and “Rheumatoid arthritis” (Figure 3D). ESTIMATE analysis

indicated that the risk score was negatively correlated with the immune score, stroma score and the total
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ESTIMATE score (Figure 3E). The high-risk group exhibited significantly lower immune scores, stromal
scores and ESTIMATE total scores. Furthermore, analysis using the CIBERSORT package revealed that,
in the high-risk group, CD8+ T-cell expression was reduced, and the expression of regulatory T cells

(Tregs), activated NK cells and resting mast cells was significantly downregulated (Figure 3F). In
summary, cervical cancer patients in the high-risk group may be in an immunosuppressed state.

3.4 Single-cell sequencing reveals the heterogeneity of cervical cancer cell populations and analysis of
cell subpopulations associated with FARG characteristics

To elucidate the cellular composition of cervical cancer, this study analysed the single-cell RNA
sequencing dataset GSE168652. Following quality control assessment, a total of 23,268 cells were
identified from the single-cell transcriptomic data. Subsequently, a clustering algorithm was employed
to divide these cells into 16 distinct cell clusters (Figure 4A). By analysing the gene expression profiles
of each cell cluster and combining these with known cell type-specific biomarkers, we completed cell
type annotation (Figure 4B). Based on these results, five major cell types were identified: epithelial cells,

fibroblasts, endothelial cells, CD8+ T cells and macrophages.

Among the identified hub genes, we found that IL1B, SLAMFS8, TFRC and TNFAIP3 were significantly
expressed in Macrophages; TNFAIP3 was primarily expressed in CD8+ T cells; and DUOX1 and KEAP1

were primarily expressed in Epithelial cells (Figures 4C—E). To assess the correlation between the iron-
ageing (FARG) risk profile constructed from bulk RNA-seq and the single-cell RNA-seq (scRNA-seq)
profiles, we employed the Scissor computational analysis tool. In the GSE168652 dataset, the low-risk
groups were numerous across the three cell types: 1,993 Scissor- cells and 1,820 Scissor+ cells were
identified in epithelial cells; 116 Scissor- cells and 43 Scissor+ cells were identified in CD8+ T cells; and
89 Scissor- cells and 9 Scissor+ cells were identified in macrophages (Figure 4F). A scatter plot illustrates
the cells in the high- and low-risk groups (Figure 4G).

3.5 Cell Trajectory Analysis

We employed pseudo-time series analysis to investigate the endothelial-to-fibroblast transition (EndMT)
process in cervical cancer. The results revealed that cell differentiation exhibits a multi-branch
topological structure comprising three branch nodes and two distinct cellular states (Figures SA—B), with
endothelial cells differentiating first, followed by fibroblasts. The heatmap has been ordered according
to the cell differentiation process, with KEAP1 ranking first. Furthermore, as cells differentiate, the
expression of MAP3K 14 and TNFAIP3 decreases, whilst IL1B expression increases; TRFC and DUOX1,
however, exhibit a trend of initially rising followed by a decline (Figure 5C). In the pseudo-time series
analysis, the expression levels of FARGs in each cell were plotted along a pseudo-timeline to reveal the
expression patterns of these genes during the dynamic differentiation process (Fig. 5D).

3.6 Analysis of Cell-Cell Communication Analysis of cell-cell communication revealed patterns of cell-
cell interactions. Cell-cell interactions were more active in the low-risk group; the number of interactions
was 57 in the high-risk group and 132 in the low-risk group, whilst the interaction strength was 1.752 in
the high-risk group and 5.244 in the low-risk group (Figure 6A). Pathways such as VISFATIN were more
active in the high-risk group, whilst pathways including MHC-I, MHC-II and SPP1 were more active in
the low-risk group. CD8+ T cells are inextricably linked to MHC-I-peptide complexes; the number of
CD8+ T cells was higher in the low-risk group than in the high-risk group, which is consistent with our
previous findings from the immune infiltration analysis of the high- and low-risk groups (Figure 6B).
The scatter plot for the high-risk group indicates that both signal transmission and reception by CD8+ T
cells and macrophages are relatively weak, whereas signal transmission and reception by epithelial cells

are strong. In the low-risk group, signal transmission and reception by macrophages are relatively strong
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(Figure 6C). We generated a heatmap of cell-cell communication, which revealed that intercellular
interactions were stronger in the low-risk group than in the high-risk group (Figure 6D). Furthermore,
both the intensity and number of interactions were higher in the low-risk group than in the high-risk
group (Figure 6E). We subsequently analysed the ligand-receptor pairs between epithelial cells and
various cell types in the high- and low-risk groups. In the high-risk group, epithelial cells communicate
with CD8+ T cells via APP-CD74 and MIF—(CD74+CXCR4). Notably, in the low-risk group of cervical
cancer patients, epithelial cells exhibited a higher level of interaction with macrophages via APP—CD74
signalling (Figure 6F).

3.7 Clustering and Spatial Distribution Analysis of Spatial Transcriptomics Data To further investigate
the spatial structure of the tumour microenvironment, we analysed spatial transcriptomics samples of
cervical cancer from the Visium database. First, the data were clustered and the results mapped onto the
sections. Unsupervised clustering identified 14 spatial clusters (Clusters 0—13) within the tissue sections,
revealing significant regional transcriptional heterogeneity (Figures 7A—C) . Subsequently, the cells were
annotated, primarily as epithelial cells, and the results of this annotation were mapped onto the sections
(Figure 7D). Gene expression was visualised, showing that DUOX1, KEAP1, MAP3K14 and TFRC
were highly expressed in cervical cancer epithelial cells; the figures also illustrated the distribution of
gene expression.

3.8 Al-based drug screening and molecular docking: Based on gene expression profiles of cervical cancer
and normal controls, we calculated the v-score effect size for each gene and used the DrugReflector AL
tool to predict potential therapeutic drugs (Figure 8A). We performed molecular docking analyses of the
top-ranked drug, BRD-A56372469, with FARGs to predict the clinical drug value of the model genes
(Figure 8B). Among these, DUOXI1 exhibited the lowest binding energy with BRD-A56372469, at —
8.312 kcal/mol. A negative binding affinity indicates the possibility of binding; generally, the smaller the
value, the greater the likelihood of binding (Table 1).

4. Discussion

Cervical cancer (CC) ranks fourth among cancers affecting women’s health globally[22]. The majority
of CC cases are caused by genital human papillomavirus (HPV) infection. Approximately 70-80% of
CC cases are squamous cell carcinomas, 20-25% are adenocarcinomas, and the remaining cases are
adenosquamous carcinomas and rare histological subtypes[23, 24]. Exploring the pathogenesis of CC
and identifying new therapeutic targets are crucial for improving patient survival rates. In this study, we
have, for the first time, integrated the emerging biological concept of ferro-ageing. Utilising multiple
public databases and multi-omics technologies—including single-cell and spatial transcriptomics—we
constructed and validated a cervical cancer prognostic risk model comprising eight ferro-ageing-related
genes (DUOX1, E2F1, IL1B, KEAP1, MAP3K 14, SLAMFS, TFRC and TNFAIP3). Patients in the high-
risk group had much lower overall survival than those in the low-risk group, and the model showed
moderate prognostic discriminating power in both the internal training set and the external validation
cohort. This ferro-aging risk signature is a prognostic factor independent of clinical and pathological
parameters, according to multivariate analysis. This suggests that it may be a useful addition to traditional
staging and offer a new molecular tool for individualized prognostic assessment in cervical cancer.

The eight genes in this model were chosen from the intersection of cellular senescence and iron
metabolism; their biological roles capture the most important amenities of the iron-senescence pathway.
Transferrin receptor 1, a crucial gatekeeper for cellular iron uptake, is generated by TFRC. Abnormal
overexpression of this gene may culminate in intracellular iron buildup, which promotes cellular

senescence and increases vulnerability to ferroptosis through the production of high levels of reactive
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oxygen species[25]. Tumor cells show increased resistance to ferroptosis and senescence when KEAP1
is defective. KEAP1 is an important oxidative stress sensor that can inhibit antioxidant responses by
detrimentally impacting NRF2[26]. DUOXI1 is responsible for ROS production; changes in its expression
are closely associated with the accumulation of DNA damage and premature cellular ageing, and DUOX1
can mediate ferroptosis, inhibit tumour progression and alleviate oxidative stress responses[27, 28]. At
the regulatory level, E2F1, as a key cell cycle transcription factor, can induce the classical senescence
programme[29]; MAP3K 14 activates the non-classical NF-kB pathway, working in concert with IL-1p—
a core senescence-associated secretory phenotype factor—to create a pro-inflammatory
microenvironment[30, 31]; whilst TNFAIP3 acts as a negative feedback regulator, finely tuning NF-xB-
mediated inflammatory and survival signals, and its dysregulation may disrupt the iron-senescence
balance[32-34]. SLAMF8 is primarily expressed in myeloid cells and participates in macrophage
polarisation and inflammation regulation, thereby incorporating immune cells into the iron-ageing
network[35, 36]. This set of genes reflects both iron-driven oxidative damage and the initiation of ageing,
whilst also encompassing the accompanying pro-inflammatory secretory phenotype and immune
regulatory processes, thereby providing a systemic overview of the multifaceted role of iron-ageing in
the malignant progression of cervical cancer.

To gain a deeper understanding of the biological mechanisms underlying the risk characteristics of iron-
related ageing, we conducted GO and KEGG enrichment analyses on the differentially expressed genes
between the high-risk and low-risk groups. Biological processes were primarily enriched in ‘lymphocyte-
mediated immunity’ and ‘leukocyte-mediated immunity’; the most significant cellular components were
‘T-cell receptor complexes’ and ‘plasma membrane signal receptor complexes’; and the top-ranked
molecular functions included ‘antigen binding’, ‘cytokine activity’ and ‘cytokine receptor binding’. In
the KEGG pathway analysis, the most significant pathway was “Cytokine-Cytokine Receptor
Interaction”, followed by “Haematopoietic Cell Lineage” and ‘“Rheumatoid Arthritis”. These results
consistently point to the fact that the core of the difference in iron-related ageing risk lies in the
dysregulation of the immune response and cytokine networks.

This pattern of functional enrichment has a deep mechanistic foundation when considering the biological
core of iron-induced aging. Lipid peroxidation and oxidative stress induced by iron metabolism disorders
are not only the core driving events of ferroptosis, but also key triggers that induce cells to enter a
senescent state[37, 38]; Tumour cells and stromal cells that have entered senescence subsequently acquire
a senescence-associated secretory phenotype (SASP), secreting large amounts of pro-inflammatory
factors, chemokines and proteases such as IL-1p, IL-6 and TNF-a[39]. The activation of the "cytokine-
cytokine receptor interaction" pathway is largely dependent on these SASP components[40, 41]. Among
the model genes in this study, IL1B, as a core effector of SASP, can directly drive the cascade activation
of the aforementioned cytokine network, whilst MAP3K14 continuously maintains the SASP
transcriptional programme via the non-classical NF-kB pathway[42, 43]. Previous studies have indicated
that the NF-kB signalling pathway is the primary pathway stimulating the emergence of SASP, whilst
iron-induced oxidative stress can similarly promote the establishment of SASP by activating NF-«kB,
forming a positive feedback loop of iron metabolism disruption—oxidative stress—ageing—SASP—
inflammation[44]. Concurrently, iron accumulation in the tumor microenvironment can cause ferroptosis
and malfunction in CD8* T cells, suggesting that the iron-overloaded tumor microenvironment itself can
directly hinder adaptive immunity. Tumor-derived ferritin and T-cell receptor hyperactivation work
together to downregulate the iron efflux protein SLC40A1 in CD8* T cells, causing intracellular iron

buildup and lipid peroxidation[45]. TFRC, the central gene in this model, has been connected to
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dysregulated immune cell infiltration and a poor prognosis in cervical cancer. Additionally, it directly
backs up this process of iron uptake[25]. Tumor cells can evade immune surveillance by developing
ferroptosis resistance through the NRF2-NQO1 axis as a result of KEAP1 functional loss[46]. Therefore,
the disruption of immune-related pathways seen in the high-risk group is a broader transcriptional-level
manifestation of the interaction between cellular senescence, iron metabolism dysregulation, and the
senescence-associated secretory phenotype (SASP), rather than simply expressing distinctions in
immune status between risk groups.

Building on this, the ESTIMATE analysis further demonstrated that the risk score was significantly
negatively correlated with the immune score, the stroma score and the ESTIMATE total score; all of
these scores were markedly lower in the high-risk group. CIBERSORT analysis of immune cell
infiltration revealed a significant reduction in the proportion of anti-tumour effector cells, such as CD8*
T cells and activated NK cells, in the high-risk group, whilst regulatory T cells and quiescent mast cells
also showed a downward trend. In the specific context of cervical cancer, this finding is highly consistent
with existing research: senescent cells and their senescence-associated secretory phenotype (SASP) can
reshape the cervical cancer tumour microenvironment by secreting various chemokines and
immunoregulatory factors, thereby influencing anti-tumour immunity and tumour development[46-49].
In cervical cancer, patients in the low-risk group exhibit higher levels of SASP markers and immune cell
infiltration, as well as a more active immune response, whereas an iron-overloaded microenvironment
can directly weaken the core forces of anti-tumour immunity[49]. Consequently, the immunosuppressive
state observed in the high-risk group—characterised by reduced overall immune infiltration and a
deficiency of effector immune cells—can be interpreted as the result of multidimensional immune
evasion driven by iron-mediated senescence: on the one hand, iron-catalysed oxidative damage and the
activation of senescence programmes prompt tumour and stromal cells to continuously release
immunoregulatory factors via the SASP, whilst a chronic, low-grade inflammatory environment
paradoxically leads to the expansion of myeloid suppressor cells[50]; on the other hand, the iron-
overloaded microenvironment directly depletes the effector cell pool by inducing ferroptosis in CD8" T
cells; simultaneously, high TFRC expression promotes iron uptake by tumour cells to maintain their
proliferative and metabolic advantage, whilst abnormal DUOXI1 expression disrupts the redox
homeostasis of epithelial cells and may accelerate their senescence transition[51, 52]. Under the dual
pressures of iron and senescence, tumour cells, immune cells and stromal cells collectively shape a deeply
immunosuppressive niche, thereby undermining the host’s anti-tumour immune surveillance.

An in-depth analysis of the tumour microenvironment has revealed a close association between the risk
profile of iron senescence and the immune landscape. The high-risk group exhibits a marked state of
immune suppression, which may be linked to abnormal SASP induced by iron senescence—persistent
low-grade inflammation actually promotes the recruitment of myeloid suppressor cells and regulatory T
cells, leading to the functional exhaustion of CD8+ T cells[53]. Using the Scissor algorithm, we coupled
single-cell-level cellular heterogeneity with population-level risk scores, identifying macrophages,
epithelial cells and CD8+ T cells as key actors in cervical cancer progression. In the high-risk group,
these cell populations may transform into pro-tumour M2 macrophages, iron-ageing epithelial cells and
T cells with impaired effector function, respectively, collectively erecting a multi-layered barrier of
immune suppression. Spatial transcriptomics further confirmed in situ that genes associated with the iron
senescence model are primarily localised to epithelial cell regions. We visualised the expression levels
of FARGs along their trajectories, and spatial transcriptomics confirmed the highest probability of these

genes’ presence. Additionally, unique spatial communication patterns were observed in the low-risk
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group. We successfully constructed a multi-branching EndMT trajectory that originates from endothelial
cells and differentiates into fibroblasts. Gene heatmaps revealed a complex transcriptional programme
with KEAP1 as a potential central regulatory hub, characterised by downregulation of
MAP3K14/TNFAIP3, upregulation of IL1B, and transient activation of TFRC/DUOXI1. Furthermore,
the pseudo-temporal atlas of FARGs seamlessly integrates the clue of ferroptosis into this dynamic
differentiation process, suggesting that the fine-tuning of iron metabolism and redox balance may be a
crucial step in the successful progression of EndMT[54].

Of particular note is the overall enhancement of intercellular communication within the tumour
microenvironment of the low-risk group, with signal transduction from epithelial cells to macrophages
via the APP-CD74 pathway being particularly prominent. APP, a transmembrane protein expressed in
tumour epithelial cells, binds to CD74 on the surface of macrophages[55]. Previous research in
neuroimmunology has indicated that the APP-CD74 interaction can regulate the survival and
inflammatory response of microglia[56]. In the low-risk microenvironment of cervical cancer, this
enhanced epithelial-macrophage dialogue may steer macrophages towards an immune-surveillance
rather than an immune-suppressive phenotype, thereby maintaining adaptive anti-tumour immunity,
curbing tumour progression, and conferring a prognostic advantage to patients[57, 58]. This finding not
only reveals the molecular mechanisms underlying microenvironmental remodelling in the iron-ageing
risk model but also provides potential targets for intervention to modulate epithelial-immune interactions
and improve prognosis.

Al-assisted virtual screening revealed that the small molecule BRD-A56371469 had the most potential
to bind to DUOXI in terms of therapeutic investigation. DUOXI, an enzyme that produces reactive
oxygen species, is essential for controlling cellular redox equilibrium and the aging process. This drug
may open up a new treatment approach that targets the iron-induced senescence signaling pathway if it
disrupts the pro-tumor redox balance or restores the sensitivity of tumor cells to iron-induced senescence
via modifying DUOX1 activity. Naturally, additional in vitro and in vivo testing is needed to confirm its
pharmacodynamic and toxicological characteristics.

This study also has certain limitations. Firstly, the model was constructed using publicly available
sequencing data; population bias and the retrospective nature of the study are therefore unavoidable, and
its generalisability requires further testing in large prospective cohorts and across different ethnic groups.
Secondly, although the concept of iron-driven senescence has been demonstrated in primates, direct
experimental evidence regarding its molecular pathways and dynamic evolution in human cervical cancer
tissues remains lacking. Furthermore, the functional synergy among the eight model genes requires
causal validation through gene editing and animal models. The specific functions of the APP-CD74
signalling axis and its downstream effects require elucidation via co-culture systems and in situ
functional experiments. Finally, although BRD-A56371469 has been preliminarily identified as a
candidate compound, its affinity, selectivity and in vivo antitumour activity require systematic evaluation

through subsequent medicinal chemistry and pharmacology studies.

In conclusion, by combining a multi-level molecular portrait of iron senescence with intercellular
communication and immune microenvironment remodeling into a cohesive analytical framework, this
study has built a strong prognostic profile for cervical cancer. This has given rise to a new understanding
of the dual role of iron senescence in promoting carcinogenesis and facilitating immune evasion in
cervical cancer. Additionally, this integrative approach acts as a model for focused intervention research

and precision subtyping of tumors caused by equally intricate biological processes.

11



482
483
484
485
486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525

5. Conclusion

In summary, this study established and validated a novel eight-gene ferro-aging-related (FARG)
prognostic signature—comprising DUOX1, E2F1, IL1B, KEAP1, MAP3K14, SLAMF8, TFRC, and
TNFAIP3—which demonstrated moderate yet robust discriminatory power for cervical cancer in both
internal and external cohorts. The high-risk group was characterized by an immunosuppressive tumor
microenvironment. By integrating single-cell and spatial transcriptomics, we delineated critical roles of
macrophages, epithelial cells, and CD8" T cells in CESC progression, revealed the dynamic expression
landscape of FARGs along the endothelial-to-mesenchymal transition (EndMT) trajectory, and identified
enhanced APP-CD74 signaling from epithelial cells to macrophages in the low-risk group. Furthermore,
Al-assisted virtual screening and molecular docking nominated BRD-A56371469 as a candidate
compound targeting DUOXI1. Collectively, the FARG signature serves as a robust independent
prognostic indicator for CESC. This integrated multi-omics framework not only deepens the
understanding of ferro-aging biology in tumor progression but also provides a promising avenue for
precision prognostication and therapeutic exploration.
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Figure 1. Biomarker identification and evaluation. (A) Forest plot of genes
associated with prognosis from univariate Cox regression analysis (P < 0.05), showing
hazard ratios (HR) and their 95% confidence intervals. (B) Combinations of 113
machine learning algorithms across two datasets. (C) Ranking of SHAP scores for
variables in the model. (D) SHAP honeycomb plot for the
StepCox[backward]+Enet[alpha=0.2] model.
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Figure 2. Clinical prognostic evaluation of FARGs. (A) Survival analysis of high-
and low-risk groups of cervical cancer patients in the TCGA database. (B) Forest plot
of the model’s independent prognostic analysis. (C) Stacked bar chart based on risk
score, age, clinical grade and T-stage. (D) ROC curve for the column plot. (E) ROC
curves evaluating predictive accuracy at 1, 3 and 5 years. (F) Relative expression levels
of the eight FARGs in tumour and normal tissues.
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Figure 3. Functional and pathway analyses, and immune cell infiltration in high-
and low-risk groups. (A) Top 15 GO biological process terms. (B) Top 15 GO cellular
component terms. (C) Top 15 GO molecular function terms. (D) Top 15 KEGG-
enriched terms. (E) Relative values of the immune score, stroma score and ESTIMATE
score between high- and low-risk groups. (F) Relative expression levels of immune
infiltrating cells between high- and low-risk groups.
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Figure 4. Identification of cellular subpopulations in cervical cancer tissue based
on the single-cell sequencing dataset GSE184198. (A) A t-SNE plot showing the
distribution of cervical cancer cell subpopulations. (B) A t-SNE plot presenting the
annotation results for cervical cancer cell subpopulations. (C) tSNE 1 scatter plot
showing the distribution of eight prognostic genes in the single-cell tumour
microenvironment atlas; grey indicates low expression, blue indicates high expression.
(D) Bubble plot showing genes specifically expressed in cell subpopulations. (E) Violin
plot showing the expression profile of each gene. (F) Scissor analysis bar chart. The x-
axis represents cell type, and the y-axis represents cell count. (G) Scatter plot of cells
in the low- and high-risk groups; blue represents the low-risk group and red represents
the high-risk group.
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Figure 5. Pseudo-temporal analysis of EndMT in cervical cancer cells mediated by
FARGsSs. (A-B) Reconstructed pseudo-temporal trajectories illustrating multi-branch
differentiation pathways and distinct cellular states, arranged in order of developmental
progression. (C) Cell trajectory heatmap. The x-axis represents cells, and the y-axis
represents FARGs. Blue indicates low expression, whilst red indicates high expression.
(D) Trajectory plot of FARGs.
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Figure 6. Analysis of intercellular communication between high- and low-FARG
score groups. A. Intensity of cell-cell interactions mediated by various signalling
pathways in the high- and low-FARG score groups. B. Bar chart showing the
intercellular ranking of high and low FARG groups, illustrating the signal axes of the
interaction networks in these groups; signal pathways marked in red are more
abundantly expressed in the high FARG group, whilst those marked in light green are
more enriched in the low FARG group. C. Bubble plot of intercellular communication
intensity between high and low FARG groups. D. Heatmap of intercellular
communication intensity, with blue and red representing weakened and enhanced
intercellular communication, respectively. E shows the intercellular interaction
networks in the low- and high-FARG score groups; thicker lines indicate stronger
communication. F is a bubble plot of changes in intercellular communication mediated
by each signalling axis, with the x-axis representing the initiating and receiving cell
populations and the y-axis representing the receptor-ligand pairs of the signalling
pathway.
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Figure 7. Distribution of FARGsS in cervical cancer epithelial cells. (A) Sequencing
depth plots: in the left-hand plot, the x-axis represents sample names and the y-axis
represents the number of sequences detected per point; the right-hand plot shows the
number of sequences mapped to the section. The deeper the red, the higher the number
of sequences. (B) Clustering results on the section, showing a total of 14 spatial clusters.
(C) Individual plots for the 14 clusters. (D) Expression of FARGs in epithelial cells,
where blue indicates low expression and red indicates high expression.
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Figure 8: Drug screening and molecular docking. (A) A volcano plot of the top ten
drugs, with the x-axis representing drug scores and the y-axis representing predicted
likelihood. (B) Binding modes obtained from docking; the left panel shows an overall
view, whilst the right panel shows a localised view. In the figure, the yellow stick model
represents the small molecule, the cyan cartoon model represents the protein, the red
dashed lines indicate hydrogen bonds, and the grey dashed lines indicate hydrophobic
interactions.

Table 1: Connection Scoring Sheet

Target_name Ligand_name Docking_score(kcal/mol)

DUOX1-7D3E BRD-A56371469 -8.312
E2F1-2AZE BRD-A56371469 -5.409
IL1B-111B BRD-A56371469 -6.922
KEAP1-1U6D BRD-A56371469 -7.928
MAP3K14-4IDT BRD-A56371469 -5.9
SLAMF8 BRD-A56371469 -6.842
TFRC-3KAS BRD-A56371469 -7.429
TNFAIP3-3ZID BRD-A56371469 -6.505
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