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Abstract

Cervical carcinoma (CC) remains a significant global health issue despite advancements in screening and treatment. To
improve prognostic accuracy and therapeutic strategies, we developed a multi-machine learning prognostic model based
on metabolic-associated genes. This study integrated genomic, transcriptomic, and spatial data from multiple databases
to identify key metabolic genes with a causal relationship to CC. We identified 112 key metabolic genes, which were used
to construct and validate a prognostic model through various machine learning algorithms. GO and KEGG enrichment
analysis revealed the MAPK cascade plays a crucial role in metabolic processes. To pinpoint key metabolic genes, we
constructed WGCNA and extracted 337 key genes. Supervised principal component analysis and random survival forests
were incorporated into the final model, which showed strong predictive ability in classifying patients. Furthermore, the
model demonstrated notable variations in immune cell infiltration among risk categories, which shown regulatory T cells
may be involved in immune suppression, and natural killer cells might have a limited effect in tumor clearance. Spatial
transcriptomics and single-cell analyses further validated the model, uncovering tumor heterogeneity and distinct inter-
cellular communication patterns associated with different risk levels. The functional experiment results indicated that
down expression of PLOD3 could suppress the proliferation of CC cell. In this study, offer a precision medicine methods
for predicting patient outcomes as well as fresh insights into the metabolic foundations, which may contribute to the
prognosis and immunotherapy of CC. Additionally, we discovered PLOD3 to be a novel oncogene in CC. These findings
imply that this model may be applied to assess prognostic risk and identify potential therapeutic targets for CC patients.
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1 Introduction

Cervical carcinoma (CC) continues to be a major gynecological cancer, even with the recent reduction in cases and
deaths due to better HPV screening [1, 2]. This disease remains a global health issue, affecting women of all ages.
According to the World Health Organization (WHO), approximately 311,365 deaths and 569,847 new cases of cervical
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cancer are reported annually [3]. Despite progress, early-stage or localized CC is often diagnosed late, which limits the
effectiveness of surgery. Although some patients benefit from surgery in early-stage cases, the majority are diagnosed
at more advanced stages [4]. Traditional treatments like chemotherapy and radiation have shown limited efficacy in
significantly extending survival for advanced CC patients [5]. Therefore, it is crucial to improve CC screening methods
and develop innovative therapeutic strategies that integrate tumor metabolism, immune responses, and predictive
modeling to enhance clinical outcomes.

Tumor cells are known to alter their metabolic pathways to acquire the nutrients necessary for their growth and
persistence [6]. This metabolic reprogramming can weaken the immune system’s ability to fight tumors, leading to
further cancer development and reduced effectiveness of immunotherapy [6]. Tumor formation and progression
are significantly influenced by the interplay between immune cells and cellular metabolism [7]. Immune cells, such
as macrophages and T cells, are essential for recognizing and attacking cancer cells. However, the metabolic repro-
gramming of tumor cells can create a hostile environment that impairs the effectiveness of these immune responses
[8]. Tumor cells often increase their uptake of glucose and other nutrients to support rapid growth and survival,
which can deprive immune cells of the energy they need to function effectively [9-11]. Additionally, the metabolic
byproducts of tumor cells, such as lactate, can create an acidic microenvironment that further inhibits immune cell
activity [12]. Understanding these metabolic alterations and their impact on immune cell function is essential for
developing new therapeutic strategies that can enhance the immune response and improve outcomes for cervical
cancer patients [13]. Research has consistently associated poor outcomes in cancer patients with disrupted metabolic
activities involving nucleotides and carbohydrates [14]. However, the detailed interactions between these metabolic
changes and immune responses in cervical carcinoma (CC) remain unclear. Thus, there is a pressing need for practical
and comprehensive models to predict the prognosis of CC patients accurately.

Traditionally, prognostic models used Cox regression. This method, however, is based on the assumption of linear
relationships, which restricts its ability to represent the intricate, multidimensional, and nonlinear interactions among
various prognostic factors. Advances in genomic profiling and big data analytics now offer significant opportunities
for creating sophisticated risk models, thus improving patient care and prognosis assessment. Machine learning (ML)
has become increasingly popular in medical research due to its capacity to process complex and extensive datasets
and deliver highly precise predictions [15]. This makes ML exceptionally effective for analyzing medical data. Studies
have demonstrated that ML surpasses traditional statistical methods in predicting survival rates, particularly when
managing numerous variables [16].

In this research, we developed a prognostic model for cervical cancer centered on metabolic genes linked to
patient outcomes. Additionally, we explored the model’s relationship with the tumor microenvironment and immune
response in terms of immune cell distribution, cell communication and pseudotime analysis, which help to deter-
mine its clinical relevance in predicting cervical cancer prognosis. Furthermore, the model’s performance had been
validated based on single cell data and spatial transcriptomes. In conclusion, this approach aids in understanding the
interplay between tumor immunity and metabolism. Our findings offer novel insights into forecasting cervical cancer
prognosis, addressing the need for precision medicine approaches that can predict patient outcomes more accurately
and uncover the metabolic underpinnings of CC progression. Furthermore, we identified PLOD3 as a novel oncogene
in CC, which highlights the potential for our model to assess prognostic risk and identify therapeutic targets. These
findings contribute to advancing immunotherapy and prognosis methodologies in CC patients.

2 Method and materials
2.1 Data collection

To develop a metabolism-based prognostic model for cervical cancer to enhance precision medicine in clinical
settings, this study utilized multiple datasets. Two GWAS datasets, 7PQTL and 9PQTL, were acquired to investigate
genetic variants associated with metabolic traits relevant to cervical cancer. Additionally, five cervical cancer-related
GWAS datasets were downloaded from the IEU (MRC Integrative Epidemiology Unit) database, including ukb-b-
8777 (sample size: 462,933), ieu-b-4876 (sample size: 199,086), ebi-a-GCST90018817 (sample size: 239,158), ebi-
a-GCST90018597 (sample size: 61,581), and bbj-a-98 (sample size: 90,336). These datasets provided insights into
genetic predispositions and associations relevant to cervical cancer development and progression. The TCGA-CESC

@ Discover



Discover Oncology (2025) 16:294 | https://doi.org/10.1007/512672-025-02031-2
Research

cervical cancer dataset, obtained from the UCSC Xena platform, included gene expression sequencing data (Count,
FPKM, and normalized TPM values) for 293 patients, along with clinical data such as age, gender, survival time, and
status. Additionally, one RNAseq dataset (GSE52903, Homo sapiens, GPL6244, 55 samples) and one single-cell dataset
(GSE208653, Homo sapiens, 3 samples) were downloaded from the GEO database, focusing on squamous cervical
carcinoma patients. A spatial transcriptomics sample from a cervical cancer patient (Dataset ID: STDS0000113) was
obtained from the STOmicsDB database to capture spatially resolved gene expression patterns. Finally, 23,497 metab-
olism-related coding genes identified from the GeneCards database were integrated into the analysis to explore
metabolic pathways and their implications in cervical cancer. This comprehensive dataset collection facilitated the
development of a robust metabolism-based prognostic model for cervical cancer.

2.2 Mendelian randomization analysis to identify potential causal metabolic genes and functional
enrichment

Genetic variants are used as instrumental variables (IVs) in Mendelian Randomization (MR) analysis, which looks into
causal links based on three main assumptions: The genetic instruments have three characteristics: (i) they are linked
to the exposure; (ii) they are unaffected by any confounding factors; and (iii) they only influence the result as a result
of the exposure. Strongly associated and independent variants (p <5 x 1 08 linkage disequilibrium [LD] r’<0.001,
window size = 10,000 kb) unrelated by condition to cervical cancer were selected as IVs. As our primary analysis strat-
egy, we used the random effects inverse variance weighted (IVW) method from the “TwoSampleMR” package, taking
p-values less than 0.05 as evidence of possible causal links. This method identified proteins and their correspond-
ing coding genes that exhibit a positive causal relationship with cervical cancer occurrence in both the 7PQTL and
9PQTL GWAS datasets, based on data from ukb-b-8777, ieu-b-4876, ebi-a-GCST90018817, ebi-a-GCST90018597, and
bbj-a-98. Subsequent functional enrichment analysis of these genes was conducted using the Reactome pathway
database and Metascape database (www.metascape.org/). A p-value of less than 0.05 was considered statistically
significant for enrichment.

2.3 WGCNA analysis

Using the “WGCNA" package in R, we built a gene co-expression network based on candidate genes and the TCGA-
CESC dataset. The following steps were included in the process: First, a similarity matrix was created from each tran-
script’s expression levels using the matched Pearson correlation values. The formula amn =| cMn |  was then used
to convert this similarity matrix into an adjacency matrix, where cMn stands for the Pearson correlation between
paired genes and amn =the relation between gene pairs. The adjacency matrix underwent additional conversion
to a topological overlap matrix when 3 =3. Genes with comparable expression patterns were finally grouped into
distinct modules using a bottom-up approach, with a minimum module size cutoff of 10. For additional examination,
core genes were defined as those having a p-value of 0.05 or below.

2.4 One-stop prognostic feature gene screening and model construction using multiple machine learning
approaches

To identify genes significantly correlated with cervical cancer prognosis, we conducted a univariate Cox regression
analysis. Subsequently, we developed a robust predictive model by integrating ten machine learning algorithms:
Ridge Regression, Cox Partial Least Squares Regression (plsRcox), CoxBoost, Stepwise Cox, Random Survival Forests
(RSF), Gradient Boosting Machine (GBM), Survival Support Vector Machine (Survival-SVM), Supervised Principal Com-
ponents (SuperPC), Elastic Net (Enet), and Lasso.

By combining these algorithms, we generated 116 machine learning models, emphasizing those with dimension
reduction and variable selection capabilities, such as RSF, LASSO, CoxBoost, and Stepwise Cox. These models were
applied to the TCGA-CESC dataset to select key genes and construct prognostic models. The most effective model,
determined by the highest C-index in the validation cohort GSE52903, was designated as the Metabolic Score (MS).
Patients were stratified into high-risk and low-risk groups based on the MS median value. Expression variations of
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significant genes between these groups were visualized, and the prognostic value of MS was assessed through ROC
curve analysis and survival analysis.

2.5 Immune infiltration analysis

Using the “estimate” R package, we performed differential analyses on tumor immune scores, stromal scores, and
tumor purity in order to investigate the discriminative power of the metabolic score (MS) risk score in tumor immu-
nity. Next, single-sample gene set enrichment analysis (ssGSEA) was carried out. ssGSEA is a method used to assess
the activity of gene sets (such as pathways or functional sets) in individual samples by quantifying the enrichment
of gene sets through the cumulative distribution function of genes within a sample, thereby revealing activities
associated with specific biological processes. We conducted ssGSEA for each patient to obtain scores across 28 types
of immune cells and visualized the results using heatmaps and differential box plots.

2.6 Single-cell transcriptomic analysis for the validation of key genes

We used the R “Seurat” package to process and analyze data from single-cell RNA sequencing (scRNA-seq). scRNA-
seq data was normalized using the “LogNormalize” method by utilizing the “NormalizeData” function in Seurat. Then,
Seurat objects were created from the normalized data. For quality control (QC), we determined the proportion of
ribosomal or mitochondrial genes and eliminated cells with low quality. Cells containing more than 20% ribosomal
RNA and those with gene counts between 200 and 3000 were eliminated. The top 3000 genes were determined to be
the most variable features using Seurat’s FindVariableFeatures function. This information was then used to normalize
the scRNA-seq data for each cell. In addition, we used the Seurat objects as the basis for the ScaleData and RunPCA
routines to get the principal component (PC) count. Uniform Manifold Approximation and Projection (UMAP) was
utilized to achieve additional dimensionality reduction. Lastly, we used the Idents and DimPlot tools to annotate and
illustrate the primary cell types or subtypes, drawing on previously established literature. We then used the CellChat
software, which has a database of ligand-receptor interactions for both people and mice, to perform an analysis of
cell communication. First, we evaluated the primary signaling inputs and outputs between all kinds of cell clusters
using CellChat and CellChatDB.human. Then, we used the netVisual_circle function to show the cell communication
network from the target cell cluster to various clusters. Furthermore, we used the R program Monocle to investigate
the connection between model genes and cell pseudotime trajectories. The selection of highly variable genes was
done using the following standards: an empirical value for dispersion > 1 times the dispersion fit and an average
expression = 0.1. The DDRTree approach was used to reduce dimensionality. The “plot_pseudotime_heatmap”function
was then used to visualize the dynamic expression of model genes across various TME cell types in HGG pseudotime
trajectories.

2.7 Spatial transcriptomics analysis

Spatial transcriptomic data were processed using the Seurat package, employing the ‘SC Transform’function for nor-
malization. Subsequently, the expression matrix was subjected to machine learning model scoring to compute risk
scores for each spot. Within Seurat, the ‘SpatialFeaturePlot’ function was utilized to visualize these spot risk scores,
illustrating the distribution of risk across different spatial locations.

2.8 Cell culture and transfection

The human CC cell line Hela were provided by the National Collection Authenticated Cell Cultures (Shanghai, China).
Hela cells are the first aneuploid epithelioid cell line derived from human tissue and maintained in continuous culture.

Hela cell lines were cultured in Dulbecco’s Modified Eagle Medium (DMEM, Gibco, Grand Island, NY, USA) supple-
mented with 10% fetal bovine serum (FBS, Invitrogen, San Diego, CA, USA) and 1% penicillin-streptomycin solution
to prevent contamination. Cells were maintained at 37 °C in a humidified incubator under 5% CO, to ensure optimal
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growth conditions. The coding sequence of the human PLOD3 gene was amplified by PCR and cloned into the pEZ-
MO3 vector, a mammalian expression vector containing a CMV promoter for high-level expression. The construct
was confirmed by Sanger sequencing to ensure correct insertion and sequence fidelity. For transfection, Hela cells
were seeded in 6-well plates and transfected at 70-80% confluency using Lipofectamine 3000 reagent (Catalog No.
L3000015, Invitrogen, China) following the manufacturer’s protocol. Empty pEZ-M03 vector was used as a negative
control to validate the specificity of PLOD3 overexpression effects. These detailed procedures ensure reproducibility
and clarity for further experimental replication.

2.9 Colony formation assay

In order to assess how PLOD3 influences the development of cervical cancer cell colonies, 1 x 104 cells were planted into
each well of a 6-well plate. The cells were meticulously reconstituted and incubated at 37 °C with 5% CO, in a medium
enhanced with 10% fetal bovine serum (FBS). After 7 days of incubation, the formation of colonies was assessed, with
clusters of =30 cells being counted as a single colony. The assay was repeated three times to ensure the statistical valid-
ity of the results.

2,10 Statistical analysis

R software (version 4.3.1) was used for all statistical analyses. When comparing differences between two groups, the Wil-
coxon rank-sum test was utilized, and when comparing differences between more than two groups, the Kruskal-Wallis
test was applied. Correlation analyses were conducted using Spearman’s correlation approach. p-values below 0.05 were
regarded as statistically significant. The aforementioned methodology section has a detailed description of the various
specific statistics that were involved.

3 Results
3.1 Identification of genes with a positive causal relationship to cervical cancer incidence

To identify genes that have a positive causal relationship with the incidence of cervical cancer, we conducted a
two-sample Mendelian randomization analysis. Initially, we collected two proteomic GWAS datasets, 7pqtl and
9pqtl, and five cervical cancer GWAS datasets from the IDE database: ukb-b-8777, ieu-b-4876, ebi-a-GCST90018817,
ebi-a-GCST90018597, and bbj-a-98. We performed Mendelian randomization analyses using the proteomic GWAS
data in conjunction with the cervical cancer GWAS data. After retrieving and merging exposure and outcome data,
we employed the Inverse Variance Weighted (IVW) method to identify instrumental variables (IVs). Reliable results
were obtained from both GWAS datasets; specifically, 880 SNP loci were selected as Vs in the 7pqtl dataset (Fig. 1a),
and 500 SNP loci were identified as Vs in the 9pqtl dataset (Fig. 1b). Through the connections established by the
IVs, a total of 3656 proteins were identified that have a positive causal relationship with the incidence of cervical
cancer from the two proteomic GWAS datasets.

3.2 Metabolism-related positive causal relationship gene enrichment analysis

To explore the positive impact of metabolic activity in cervical cancer patients on their prognosis, we identified
3,099 metabolism-related genes from 3656 proteins that have a positive causal relationship with cervical cancer
(Fig. 2a). These 3099 genes were used as candidates for subsequent analysis. Gene Ontology (GO) enrichment analy-
sis revealed significant enrichments in cellular components (CC), molecular functions (MF), and biological processes
(BP). Notably, the most significant enrichment in BP was observed in the positive regulation of the MAPK cascade,
which plays a crucial role in metabolic processes such as regulating carbohydrate, lipid, and protein metabolism.
The external side of the plasma membrane was most significantly enriched in CC, critical for regulating material
ingress and egress as well as signal transduction, thus profoundly influencing cellular metabolic activities. In MF,
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Fig. 1 Mendelian randomization analysis. a Manhattan plot showing the significance of associations between all instrumental variables (IVs)
from the 7pqtl proteomic dataset and cervical cancer incidence. b Manhattan plot displaying the significance of associations between all IVs
from the 9pqtl proteomic dataset and cervical cancer incidence

receptor ligand activity was most significantly enriched, serving as a mode of interaction between cells and their
external environment. By regulating receptor-ligand binding, cells can appropriately respond to external stimuli,
thereby modulating their function and metabolic status (Fig. 2b). In the subsequent KEGG enrichment analysis, we
displayed the top 30 enriched pathways, with the Cytokine-cytokine receptor interaction pathway containing the
most candidate genes and showing the highest significance (Fig. 2c). Additionally, Reactome pathway enrichment
analysis revealed that 10 reactome-related pathways were significantly enriched with candidate genes, and the
interaction relationships among these 10 pathways are illustrated in Fig. 2d.

3.3 Identification of key metabolic genes and their co-expression modules in cervical cancer

To identify key metabolic genes associated with cervical cancer for potential prognostic biomarkers, we conducted
a weighted gene co-expression network analysis (WGCNA) using the TCGA-CESC dataset. A soft threshold of 4 was
applied to construct a scale-free network (Fig. 3a), followed by the generation of a topological matrix and hierarchical
clustering to identify gene modules (Fig. 3b). Modules with at least 50 genes were defined, and similar modules were
merged based on module eigengenes. This process resulted in 13 distinct modules, with unassigned genes grouped in
the grey module. Among the 13 modules, two showed statistically significant differences in eigengenes, excluding the
grey module (Fig. 3c). Analysis of Module Membership (MM) and Gene Significance (GS) revealed a positive correlation
in these two modules, indicating that highly prognostic genes are central to these modules. From these, we identified
337 key genes for further investigation (Fig. 3d).
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Gene Ontology (GO) enrichment analysis. ¢ Bar chart of Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis. d Network
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3.4 Development of a cervical cancer prognostic model using multiple machine learning approaches

The identification of key metabolism-related genes is crucial for advancing the development of metabolic biomark-
ers for predicting cervical cancer. To identify these key genes, we conducted a univariate Cox regression analysis
within the set of key genes to further select features associated with prognosis. We identified 112 prognostic-related
key genes with significant univariate Cox analysis results (p < 0.05) from the TCGA-CESC dataset for model construc-
tion. Using the TCGA-CESC dataset as the training set and GSE52903 as the validation set, we then concentrated on
creating the best prognostic model by feeding these 112 prognostic-related important genes into several machine
learning models. The combination of Random Survival Forests (RSF) and Supervised Principal Component Analysis
(SuperPC), as seen in Fig. 4a, was chosen as the final model because it produced the highest C-index (0.698) in the
validation set out of 116 machine learning techniques.

3.5 Development of a prognostic model for cervical cancer patients using a combination of lasso and RSF
machine learning

Based on a comparison of C-indexes across 112 machine learning model combinations, we selected the optimal com-
bination of the Random Survival Forest (RSF) and Supervised Principal Component Analysis (SuperPC) algorithms to
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Fig. 3 Identification of key genes via WGCNA. a Determination of the optimal soft threshold for WGCNA, set at soft power=4. b WGCNA
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ing different prognostic outcomes for cervical cancer. Each cell contains the corresponding correlation and p-value, colored according to a
correlation color scale. d Scatter plots of Gene Module Membership (MM) and Gene Significance (GS) illustrating the relationship between
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construct a metabolism-related prognostic model for cervical cancer patients. The RSF algorithm further refined the
selection of key genes, which were then utilized to develop the SuperPC prognostic model. Ultimately, 22 model genes
were selected to establish the optimal model. These 22 key genes were used to stratify subgroups based on the median
expression levels, and prognostic analyses were conducted for each subgroup. The Kaplan-Meier (K-M) survival curves
for each subgroup, as shown in Figures S1A-L, demonstrated significant prognostic differences. Based on the expression
of these 22 model genes, a risk score (Metabolic Score, MS) was computed for each patient using the SuperPC model.
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Fig.4 Selection of key genes and prognostic models. a Heatmap of the C-index for 112 machine learning model combinations based on
key genes in the training dataset TCGA-CESC and the validation dataset GSE52903. b Distribution of risk scores and survival status for cervi-
cal cancer patients derived from the SuperPC model. c Heatmap of gene expression for features identified by the SuperPC model
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Based on the median MS, patients were classified as high or low metabolic risk groups. A distribution chart of patient
death statuses showed that the high-risk group had a higher mortality rate (Fig. 4b). Figure 4c displays the risk factor
expression heatmaps developed between the various risk groups, indicating that the majority of genes were expressed
at higher levels in the high-risk group. Figure 4d shows that the K-M curves indicate a substantial difference in progno-
ses between patients in the high-risk and low-risk groups (p <0.0001). This conclusion was confirmed in the GSE52903
validation dataset (p=0.0074) (Fig. 4e). Subsequently, time-ROC curves for prognosis were plotted based on patient
risk scores and survival statuses. In the TCGA-CESC dataset, the AUC values for MS in predicting patient outcomes were
consistently above 0.73 (Fig. 4f); in the validation dataset GSE52903, the results were reliably confirmed with AUC values
above 0.7 (Fig. 4g), indicating that MS is an effective prognostic model for cervical cancer patients.

3.6 Differences in immune infiltration among cervical cancer patients of varying risk levels

Tumor immune activity plays a crucial role in the development and progression of cervical cancer. We assessed the degree
of tumor immune infiltration in cervical cancer patients using ESTIMATE analysis, which provides an overall score for
immune cells, stromal cells, and tumor purity. We evaluated the disparities in scores between various risk groups using
Wilcoxon tests. According to the data, the high-risk group had a larger concentration of stromal cells (Fig. 5b) and a
much lower immune cell infiltration (Fig. 5a) than the low-risk group. Additionally, there was a trend toward lower overall
immunological ESTIMATE scores (Fig. 5d) and higher tumor purity in the high-risk group (Fig. 5¢), but there was no statisti-
cally significant difference in either measure for either tumor purity or overall ESTIMATE scores between the two groups.
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To gain more detailed insights into the differences in immune cell abundance, we also employed the ssGSEA method to
assess the abundance of 28 types of immune cells (Fig. 5e). Ten distinct immune cell types showed significant differences
in abundance between the high- and low-risk groups. The low-risk group had higher concentrations of effector memory
CD8+T cells, active B cells, and CD8+T cells, all of which are essential for immunological responses. Active B cells are
involved in antibody production, while active CD8 +T cells and effector memory CD8 +T cells participate in combating
pathogen infections and clearing tumor cells, potentially reflecting a normal or healthier immune response that could
help control the progression of cervical cancer or enhance responsiveness to treatment. Conversely, central memory
CD4+T cells, central memory CD8+T cells, y& T cells, natural killer cells, plasmacytoid dendritic cells, regulatory T cells,
and type 2 helper T cells showed significant differences in abundance, being more prevalent in high-risk cervical cancer
patients. These cell types may indicate an abnormal state of the immune system or phenomena of immune escape,
associated with the development and worsening of cervical cancer. For example, regulatory T cells may be involved in
immune suppression, and natural killer cells might have a limited effect in tumor clearance (Fig. 5f).

3.7 Spatial transcriptomic visualization of tumor tissue spots and their prognostic impact

To investigate whether the Metabolic Score (MS) can differentiate the prognostic impact of various tumor tissue regions
at a spatial level, we conducted an in-depth exploration using spatial transcriptomics. Through the characterization of
individual spots within the spatial transcriptome, we identified regions marked in Fig. 6a as keratin pearls, a structure
commonly identified in pathology. These regions exhibited lower total RNA counts (Figure S2A) and fewer gene numbers
(Figure S2B), yet they had higher MS risk scores (Fig. 6b). The majority of high-risk spots were also located in these areas
(Fig. 6¢). This suggests that MS may also be capable of identifying tumor-specific regions that impact patient prognosis,
potentially aiding in the development of precision treatment strategies.

In additional, we observed that spots with different attributes tend to cluster at specific visible locations, suggesting
significant heterogeneity in the cellular characteristics within these clustered areas. To further analyze this, we utilized
single-cell sequencing data from two cervical squamous cell carcinoma patients available in the GSE208653 dataset.
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Fig. 6 Spatial transcriptomics and single-cell analysis. a Cervical cancer patient tissue section with spatial orientation. b Feature plot show-
ing the distribution of Metabolic Score (MS) across different spots in the spatial transcriptome. c Risk attributes of different spots identified
based on MS in the spatial transcriptome. d UMAP plot illustrating nine distinct cell types identified in the single-cell dataset. e UMAP plot
showing different cell risk attributes in the single-cell dataset
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After excluding low-quality cells through a single-cell quality control process (Figures S2C-F), we identified a total of
10,920 cells. Normalization processes were applied to mitigate batch effects between samples (Figure S1G). The cells
were then subjected to unsupervised clustering, resulting in the identification of 22 distinct cell clusters (Figure S2H).The
primary cell types, such as B cells, endothelial cells, epithelial cells, fibroblasts, macrophages, myeloid cells, neutrophils,
NKT cells, and plasma cells, were identified through manual annotation of the cells based on the expression of marker
genes (Figure S2I) (Fig. 6d). Using machine learning techniques, we assessed each cell’s MS score and divided them into
high-risk and low-risk categories (Fig. 6e). To gain more detailed insights into the differences in immune cell abundance,
we also employed the ssGSEA method to assess the abundance of immune cells (Figure S3).

3.8 Single-cell data reveals heterogeneity among cells with different risk attributes

In the high-risk cell clusters, extensive communication was observed among various cells (Figure S4A), especially between
epithelial cells and fibroblasts, myeloid cells, and others (Figure S4B). Pseudotime analysis distinguished the cells into
five distinct states (Figure S4C, D), revealing that cells in state 5 are typically found early in the timeline and gradually
transition to state 3 over time. The MS model gene pseudotime heatmap showed that high expression of 17 genes
dynamically changed over time within the high-risk group cell cluster, indicating significant expression changes across
different pseudotime periods (Figure S4E).

Compared to the high-risk cell clusters, cell communication in the low-risk clusters was generally weaker (Fig. 7a), with
epithelial cells showing interactions with myeloid cells, endothelial cells, neutrophils, and mast cells, among others, but
at overall lower intensities (Fig. 7b). Pseudotime analysis allowed for the differentiation of cells into six distinct states
(Fig. 7¢, d), suggesting that cells in state 1, found early in the timeline, gradually evolve into state 7, and eventually dif-
ferentiate into states 3, 5, and 6. This indicates that low-risk group cells exhibit a broader range of temporal states. The
heatmap of MS model gene expression changes over pseudotime in the low-risk group also revealed dynamic changes,
with 14 genes showing varied levels of high expression over different time periods (Fig. 7e). The extent and duration
of high expression differed from those observed in high-risk group cells, highlighting differences in gene expression
dynamics between the groups.

3.9 PLOD3 as a novel oncogene in cervical cancer

To elucidate the functional role of PLOD3 in cervical cancer, we employed both clone formation assays and Ki67 immu-
nofluorescence staining. The clone formation assay (Fig. 8a), Ki67 immunofluorescence staining (Fig. 8b) and CCK8 results
revealed that silencing PLOD3 expression markedly reduced the clonogenic capacity of cervical cancer cells.

4 Discussion

Our study successfully constructed and validated a multi-machine learning prognostic model based on metabolic genes
for CC. The identification of key metabolic genes that are associated with cervical cancer will help to further develop
prognostic biomarkers for cervical cancer. More importantly, our model leveraged the extensive capabilities of machine
learning to analyze complex datasets, surpassing traditional statistical methods in predicting survival outcomes of CC.
By incorporating metabolic genes associated with prognosis, our model provides a more comprehensive understanding
of the factors influencing cervical cancer progression and patient survival. The validation of our model using single-cell
and spatial transcriptomics further underscores its robustness and applicability.

Our findings highlight the significant role of metabolic pathways in shaping the tumor microenvironment and
influencing immune cell activity [17]. The ESTIMATE analysis demonstrated that high-risk cervical cancer patients have
significantly lower immune cell infiltration compared to low-risk patients. This reduced infiltration might indicate a
compromised immune surveillance in high-risk patients, potentially facilitating tumor growth and metastasis [18].
On the other hand, the higher content of stromal cells in the high-risk group could contribute to a more supportive
microenvironment for tumor progression, as stromal cells are known to interact with cancer cells, promoting their
survival and dissemination [19].
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Furthermore, active B cells, active CD8+T cells, and effector memory CD8 +T cells were found to be more abundant
in the low-risk group. These cells play critical roles in adaptive immunity, with active B cells producing antibodies
and CD8 +T cells targeting and eliminating infected and tumor cells [20]. Their higher abundance in low-risk patients
suggests a more robust and effective immune response, which could be instrumental in controlling tumor growth
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Fig.8 Analysis of PLOD3 expression and functional role in cervical cancer. a Clone formation assay demonstrating a significant reduction
in the clonogenic capacity of cervical cancer cells following PLOD3 knockdown. b Ki67 immunofluorescence staining illustrating decreased
proliferative activity in cervical cancer cells with silenced PLOD3 expression. ¢ CCK8 results revealed that silencing PLOD3 expression mark-
edly reduced the clonogenic capacity of cervical cancer cells

and enhancing the efficacy of cancer treatments. In contrast, high-risk patients exhibited higher levels of central
memory CD4 +T cells, y& T cells, natural killer cells, regulatory T cells. This pattern points towards a more dysfunc-
tional or suppressed immune state. For instance, regulatory T cells are known for their role in suppressing immune
responses, which can aid in tumor immune escape [21]. Similarly, the increased presence of natural killer cells and
other immune cell types in high-risk patients may reflect an attempted but ineffective immune response, as these
cells might be functionally impaired or unable to overcome the immunosuppressive tumor microenvironment [22].
Understanding these immune differences provides valuable insights for developing targeted therapies. For low-risk
patients, enhancing the existing robust immune response might be a viable strategy, potentially through immune
checkpoint inhibitors or vaccines that boost the activity of CD8 +T cells and B cells. For high-risk patients, strategies
to modify the tumor microenvironment, such as reducing stromal support or reversing immune suppression, might
be necessary to make the tumors more susceptible to immune-mediated destruction.

In addition, our findings highlight the utility of spatial transcriptomics in delineating tumor heterogeneity and its
prognostic impact. The ability to map high-risk metabolic scores to specific tumor regions such as keratin pearls can
inform precision medicine strategies. By identifying and targeting these high-risk areas, treatment can be tailored to
address the most aggressive parts of the tumor, potentially improving patient outcomes. Additionally, our analysis of
single-cell data reveals significant heterogeneity among cells with varying risk attributes in cervical cancer, providing
insights into cellular communication and gene expression dynamics across different risk groups.

In high-risk cell clusters, extensive intercellular communication was observed, particularly between epithelial
cells and fibroblasts, myeloid cells, and other cell types. This extensive communication network suggests a highly
interactive tumor microenvironment [23], which may facilitate tumor progression and immune evasion. Compared
to high-risk clusters, cell communication in low-risk clusters was generally weaker. This reduced intercellular com-
munication might reflect a less aggressive tumor microenvironment [24], potentially leading to better prognosis
and response to treatment. In addition, pseudotime analysis further distinguished the high-risk cells into five dis-
tinct states, revealing a dynamic progression of cellular states. The strong intercellular interactions and temporal
progression of cellular states indicate a highly adaptive tumor microenvironment [25], which may contribute to
treatment resistance and poor prognosis. Thus, targeting the key genes and pathways identified in high-risk clusters
might disrupt these interactions and improve therapeutic outcomes. In contrast, the weaker cell communication
and broader range of temporal states in low-risk clusters suggest a less aggressive tumor behavior, which may be
more amenable to treatment.

Despite the promising results, there are limitations to our study that warrant further investigation. The complexity of
metabolic interactions and their impact on immune responses require more detailed exploration to fully elucidate the
underlying mechanisms. Additionally, while our model showed high accuracy in predicting patient outcomes, its clinical
utility needs to be further validated in larger, independent cohorts to ensure its generalizability.

In conclusion, our study provides a novel and effective prognostic model for cervical carcinoma, emphasizing the
critical role of metabolic pathways in tumor progression and immune response. The integration of machine learning
and advanced genomic techniques offers a powerful approach to improve prognosis prediction and guide therapeutic
strategies. Future research should continue to explore the intricate interactions between metabolism and immunity to
develop more targeted and effective treatments for cervical cancer patients.
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