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Abstract
Introduction: Lactylation, an emerging post-
translational modification, modulates tumor
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utilized for this study. Lactylation-related genes (LRGs) linked to CESC prognosis were found through
analysis. Key prognostic genes include PGK1, PFKP, DDX39A, RFC4, WAS, and PFKM, with PFKP
identified as a risk factor.

Results: The risk model demonstrated strong predictive performance, and immune infiltration analysis
revealed elevated levels of immune cells, with CD8" T cells negatively correlating with risk. SCRNA-
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CZI ::Z:l Zancer seq analysis identified three distinct cell types, with CD8* T cells showing a distinct developmental
Lactylation trajectory, marked by a reduction in early-stage cells and an accumulation of late-stage cells within the

CESC microenvironment. Moreover, the expression of prognostic genes was elevated during the later
stages of CD8* T cell differentiation.

Conclusion: LRGs demonstrated significant prognostic value in CESC and accurately predicted patient
outcomes. Furthermore, the study underscored the pivotal role of CD8* T cells in the progression of
CESC.

Mendelian randomization
Single-cell RNA sequencing

Introduction CESC symptoms include abnormal vaginal bleeding,

Cervical squamous cell carcinoma (CESC) represents
a major public health concern worldwide, ranking as
the fourth most common malignancy of the female
reproductive system. Alarmingly, the age of onset has
been decreasing, posing an increasing threat to younger
populations.! The 2023 ICO/IARC China HPV and related
diseases report indicated that, in 2020, CESC ranked third
in both incidence and mortality among Chinese women
aged 15 to 44, with 109,741 new cases and 59,060 deaths.
These figures accounted for approximately 18.2% and
17.3% of the global incidence and mortality, respectively.

pelvic pain, and pain during intercourse. Early diagnosis
improves survival rates. Treatment for early-stage disease
involves surgery and adjuvant therapy, whereas advanced-
stage disease is primarily managed with palliative care.>?
Given the suboptimal cure rates for advanced CESC
and the considerable side effects of existing treatments,
there is an urgent need for innovative strategies in
screening, prevention, and therapy. Identifying novel
genetic markers for predicting disease progression and
optimizing treatment regimens is essential for improving
clinical outcomes.
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Research Highlights

What is the current knowledge?

o Lactylation is a post-translational modification that
modulates tumor metabolism and gene expression;
its role in cervical squamous cell carcinoma (CESC)
remains unclear.

o Six lactylation-related genes (PGK1, PFKP, DDX39A,
RFC4, WAS, PFKM) are prognostic for CESC, with
PFKP as a risk factor.

o The prognostic model is strongly predictive, and
CD8+T cells are central to CESC progression.

What is new here?

o The study links lactylation-related genes to prognosis in
CESC by integrating bulk transcriptomics and single-
cell data, identifying six prognostic genes with PFKP as
a risk factor and a strong predictive model.

o It also connects CD8+T cell dynamics and immune
infiltration to lactylation, suggesting therapeutic targets
and improved risk stratification.

Lactate is recognized for its important roles in cancer
metabolism, acting as a dynamic metabolite that shuttles
between cells and participates in signaling.* This glycolysis-
dependent metabolic reprogramming is pivotal in tumors,
where lactate serves as a key component, facilitating
rapid energy acquisition for tumor cells.’ In the tumor
microenvironment, lactate promotes acidity, supporting
tumor growth, invasion, metastasis, and angiogenesis.
Lactylation, driven by lactate, enhances these tumorigenic
processes and also modulates the function of immune cells
suchas T cells, NK cells, dendritic cells, and macrophages.
Lactate's role is especially prominent in shaping immune
responses within the tumor microenvironment (TME).
High lactate concentrations induce local acidosis, which
impairs the metabolic activity of both innate and adaptive
immune cells. This results in the inhibition of cytotoxic
CD8*T cell and NK cell activation and proliferation,
while simultaneously promoting the immunosuppressive
functions of regulatory T cells (Tregs).” Additionally,
lactate promotes macrophage polarization toward an
M2-like phenotype, contributing to an anti-inflammatory
microenvironment that favors tumor progression.’
Recent studies on CESC have further elucidated lactate's
influence on tumor biology. Meng et al demonstrated that
lactylation significantly impacts the activity of glucose-
6-phosphate dehydrogenase (G6PD), a key enzyme in
the pentose phosphate pathway (PPP), suggesting that
G6PD could serve as a potential therapeutic target for
CESC.? Furthermore, lactylation stabilizes the Discoidin,
CUB and LCCL domain-containing protein 1 (DCBLD1)
protein, thereby enhancing PPP activity, which has been
linked to CESC progression.’ The extensive role of lactate
and its derivatives in regulating the TME underscores
their profound impact on therapeutic strategies
and prognosis,”® not only in CESC but also in other

malignancies such as liver cancer' and breast cancer.”
Therefore, exploring the implications of lactylation in
tumor biology and therapeutic response is essential for
improving patient outcomes and advancing precise,
targeted treatment strategies.

This study utilized transcriptomic and single-cell
RNA sequencing data to identify lactylation-related
genes (LRGs) as prognostic biomarkers for CESC.
Comprehensive statistical and Mendelian randomization
(MR) analyses were performed to assess their prognostic
potential and explore causal links with CESC, providing
insights into molecular mechanisms and potential
therapeutic strategies.

Materials and Methods

Data source

The expression matrix and clinical data for CESC were
obtained from The Cancer Genome Atlas (TCGA)
database (https://www.cancer.gov/tcga), encompassing
296 tumor tissue samples. Similarly, expression matrices
and clinical information for 10 normal cervical tissue
samples were retrieved from the Genotype-Tissue
Expression (GTEx) Project database. Data from TCGA
and GTEx were combined to form a training cohort, while
Gene Expression Omnibus (GEO) datasets GSE44001 and
GSE168652 provided transcriptional and single-cell RNA
sequencing data for validation. GSE44001 included 300
CESC tumor samples, and GSE183904 contained scRNA-
seq data from 11,422 normal and 14,220 CESC cells.
Additionally, 332 LRGs were retrieved from previously
published literature, and 330 unique LRGs were identified
after removing duplicates.'>"

Differential expression analysis

Using DESeq2 (version 1.40.2), differential expression
analysis was performed to identify differentially expressed
genes (DEGs) between tumor and normal tissues in the
training cohort.!** A threshold of |log2Fold Change
(FC)|>1and an adjusted *P<0.05 was applied. DEGs were
visualized using a volcano plot and heatmap, generated
with ggplot2 (version 3.3.6)" and pheatmap (version
1.0.12),"® respectively. The ggvenn program (version 0.1.9)
was then used to map these DEGs against the 330 LRGs to
identify differentially expressed LRGs (DE-LRGs)."”

Enrichment analysis of DE-LRGs and construction of
protein-protein interaction (PPI) network

Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) enrichment studies (¥*P<0.05)
were performed on the DE-LRGs using the cluster profiler
tool (version 4.7.1.001).%° The ggpubr tool (version 0.5.0)
was used to show the top ten most pertinent KEGG
pathways and the top five most significant phrases from
each GO category.”’ Protein-protein interactions (PPIs)
between DE-LRGs were evaluated using STRING (https://
string-db.org/) with a minimum confidence score of 0.4.
Cystoscope software (version 3.8.2) was used to show the
PPI network.?>*
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Construction and validation of a risk model

Univariate Cox regression analysis was performed on DE-
LRGs from the training cohort to identify genes associated
with CESC survival, utilizing the survival package
(version 3.5-3).% Genes were classified as survival-related
if their P value was less than 0.05 and their hazard ratio
(HR) was not equal to 1. The best gene set for multivariate
Cox regression was then chosen by doing least absolute
shrinkage and selection operator (LASSO) analysis on
these genes using the glmnet package (version 4.1.4).”
The final regression equation and prognostic genes for
CESC were found using stepwise regression.

Stepwise regression was utilized to create a risk model in
the training cohort using prognostic gene expression and
survival data. Based on median risk scores, patients were
divided into high-risk and low-risk groups. Risk curves
and a heatmap were used to depict risk distributions.
Kaplan-Meier survival analysis evaluated how the two
groups' overall survival differed.”® In order to assess the
prediction efficacy of the risk model, receiver operating
characteristic (ROC) curves were created using the
survival ROC software (version 1.0.3) to compute area
under the curve (AUC) values at 1, 3, and 5 years.” An
independent cohort provided additional validation of the
model's resilience.

Construction of a nomogram

Clinical parameters (age, stage, M stage, N stage, T
stage) were included in univariate and multivariate Cox
regression analyses (HR # 1 and *P<0.05) within the
training cohort in order to find independent predictive
markers for CESC. This procedure revealed independent
variables affecting the prognosis of CESC. The prediction
of survival rates was then made possible by integrating
these independent prognostic indicators and the risk
scores into a nomogram created with the rms program
(version 6.5-1).% To assess the nomogram's performance,
calibration and ROC curves were also generated.

Functional and annotation analyses

The psych package (version 2.3.12) was used to perform a
Spearman correlation study between each prognostic gene
and other genes, and the findings were sorted accordingly.
The top 10 enriched pathways were displayed after
pathway enrichment analysis was carried out using gene
set enrichment analysis (GSEA) with the cluster profiler
program (*P < 0.05). Gene set variation analysis (GSVA)
was performed using GSVA (version 1.42.0)* and limma
(version 3.52.4)* packages to compare high-risk group
(HRG) and low-risk group (LRG), with a threshold of |t| > 2
and *P<0.05. The top 5 upregulated and downregulated
pathways, ranked by |t|, were presented.

Immune infiltration, mutation landscape, and drug
sensitivity analysis

To assess the immune cell composition within the TME
of patients with CESC, the proportions of 22 immune
cell types’ were estimated and compared between

tumor and normal samples in the training cohort
using the CIBERSORT algorithm (version 1.03).* The
association between immune cell proportions and risk
scores was evaluated using Spearman correlation, and
the maftools software (version 2.17.10) was used to
analyze the genomic mutations of CESC patients in the
training cohort.” Furthermore, half maximum inhibitory
concentration (IC50) values were calculated using the
onco predict package (version 0.2), and frequently used
chemotherapeutic drugs for CESC were obtained from
the Genomics of Drug Sensitivity in Cancer (GDSC)
database (http://cancerrxgene.org).” Next, a comparison
was made between the IC50 values of high-risk and low-
risk cohorts.

ScRNA-seq analysis

The GSE168652 dataset was subjected to scRNA-seq
after transcriptome analysis in order to examine cellular
processes in CESC. The Seurat software (version 5.1.0)
was used for all analyses, beginning with strict quality
control (QC) protocols to eliminate cells having nFeature_
RNA >6000, nCount_RNA >30,000, or mitochondrial
content>25%.% The top 2,000 most variable genes were
selected for additional analysis using variance-stabilizing
transformation (VST) following log-normalization.
To choose the right principal components for further
analysis, principal component analysis (PCA) was carried
out using Jack Straw Plot and Jack Straw functions. The
FindNeighbors and FindClusters functions were used to
cluster the cells, and t-distributed stochastic neighbor
embedding (t-SNE) with a resolution of 0.4 was used
to show the results. Clusters were annotated by marker
genes to identify CESC-specific cell types, and their
developmental trajectories were analyzed via pseudo-time
analysis using the monocle package,”® and intercellular
communication was examined using the cell chat package
(version 1.6.1)* to explore cellular interactions.

Selection of instrumental variables (IVs) for MR analysis
Using prognostic genes as exposure variables and CESC
as the outcome, MR analysis was carried out using the
two-sample MR program (version 0.56) to examine the
causal link between prognostic genes and CESC.* The
integrative epidemiology unit (IEU) open genome-wide
association study (GWAS) database (https://gwas.mrcieu.
ac.uk/) provided expression quantitative trait loci (eQTL)
data for prognostic genes, whereas the FinnGen R11
database (https://rl1l.finngen.fi/) providled GWAS data
for CESC. The dataset, 'finngen_R11_CD2_INSITU_
CERVIX_UTERI_EXALLC," comprised 21,295,319
single-nucleotide polymorphisms (SNPs) from 202,101
European individuals, comprising 198,767 controls and
3,334 cases. MR analysis relied on three core assumptions:
IVs must be strongly associated with the exposure,
independent of confounders, and affect the outcome
only through the exposure. Linkage disequilibrium was
reduced (r*=0.001, kb=10,000) and IVs with significant
connections (P<5x107") were chosen. The instrument
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strength was evaluated using F-statistics, and alleles
and effect estimates were aligned for consistent effect
directions using harmonize_data.

Exploring the causal association between prognostic
genes and CESC

MR analysis was performed using the MR function,
incorporating five distinct methods: MR-Egger,*”
Weighted median,* Inverse variance weighted (IVW),"
Simple mode,*® and Weighted mode.* The identification
of significant connections (*P<0.05) was made possible
by the IVW method's robustness in determining causal
linkages. A risk factor for CESC was indicated by an odds
ratio (OR) larger than 1, whereas a protective effect was
suggested by an OR less than 1. The robustness of the MR
results was further evaluated through sensitivity analyses,
including tests for heterogeneity,* horizontal pleiotropy,*
and the leave-one-out (LOO) test.*®

Statistical analysis

R software (version 4.2.2) was used for all analyses, and
the Wilcoxon test was used to evaluate group differences.
For every statistical test, a significance level of *P<0.05
was used.

Results

Selection and enrichment analysis of DE-LRGs

In the training cohort, 6,791 DEGs were identified between
tumor and normal tissues, with 3,573 upregulated and
3,218 downregulated. Intersection with 330 LRGs yielded
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83 DE-LRGs, which were enriched in 204 GO terms
(BP, CC, MF) and 128 KEGG pathways, including focal
adhesion, cadherin binding, nucleocytoplasmic transport,
and carbon metabolism. The PPI network revealed
340 interactions, with Glyceraldehyde-3-phosphate
dehydrogenase (GAPDH) and Tumor Protein P53 (TP53)
as key hubs (Fig. 1).

Recognition of prognostic genes and construction of a
risk model

Using univariate cox regression, 17 survival-associated
genes were found among 83 DE-LRGs. Phosphoglycerate
kinase 1 (PGK1), phosphofructokinase platelet (PFKP),
DEAD-box helicase 39A (DDX39A), replication factor
C subunit 4 (RFC4), Wiskott-Aldrich syndrome (WAS),
and phosphofructokinase muscle (PFKM) (Fig. 2B) are
the six prognostic genes for CESC that were identified
by stepwise regression. With risk curves (Figs. 2C-2D)
and heatmaps (Figs. 2E-2F) demonstrating higher PGKI1,
PFKP, and PFKM in HRC, the developed risk model
classified patients into HRC (high risk cluster) and LRC
(low risk cluster).

K-M curves indicated lower OS in HRC (Fig. 3A)
with similar trends in the validation cohort (Fig. 3B).
ROC analysis showed robust predictive performance
with AUCs of 0.70-0.76 in the training cohort (Fig. 3C)
and >0.60 in the validation cohort (Fig. 3D). Construction
of a nomogram for predicting 1-, 3-, and 5-year survival
rates for patients with CESC.

Five parameters were included in a univariate Cox

DEG LRGs

Fig. 1. Identification and pathway analysis of DE-LRGs in TCGA combined with the GTEx dataset (training cohort). (A-B) Volcano plot and heatmap
depicting the expression patterns of DEGs between CESC and normal tissues. (C) Venn diagram illustrating the intersection of DEGs with LRGs to identify
DE-LRGs. (D-E) GO and KEGG pathway analyses highlighting the biological functions and signaling pathways enriched among the identified DE-LRGs. (F)
Visualization of the PPI network for DE-LRGs, illustrating key molecular interactions and connectivity. DE-LRGs: differentially expressed lactylation-related
genes; TCGA: The Cancer Genome Atlas; GTEx: Genotype-Tissue Expression Project; DEGs: differentially expressed genes; CESC: cervical cancer; GO:
Gene Ontology; KEGG: Kyoto Encyclopedia of Genes and Genomes; PPI: protein-protein interaction.
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Fig. 2. Identification of prognostic genes in CESC. (A) LASSO regression analysis applied to survival-related genes identified through univariate Cox
regression in the training cohort. (B) Multivariate Cox regression analysis incorporating LASSO-selected genes to identify prognostic genes in the training
cohort. (C-D) Risk curves illustrating the distribution of risk scores and survival status among high-risk and low-risk groups (HRG and LRG) in the training
(C) and validation (GSE44001) (D) cohorts. (E-F) Heatmaps displaying the expression patterns of prognostic genes across HRG and LRG in the training
(E) and validation (F) cohorts. LASSO: Least Absolute Shrinkage and Selection Operator.

regression analysis to evaluate the independent predictive
importance of clinical features in CESC patients. This
analysis revealed significant associations for stage, N
stage, and T stage (HR # 1, *P<0.05). These factors were
subsequently included in a multivariate Cox regression
analysis, which further confirmed stage, N stage, and
T stage as independent prognostic factors (HR # 1,
*P<0.05) (Fig. 4A). Based on these findings, a nomogram
was created to predict the 1-, 3-, and 5-year survival rates
for patients with CESC by combining the risk scores
with these three independent prognostic markers (Fig.
4B). Lower survival rates were correlated with higher
nomogram scores. The nomogram demonstrated a

notable degree of predictive accuracy, according to the
calibration curve (Fig. 4C). Notably, the nomogram
achieved AUC values of 0.805, 0.820, and 0.815 for 1-,
3-, and 5-year predictions, respectively, outperforming
analyses using only the risk scores (Fig. 4D). As a result,
the nomogram that was created performed better while
evaluating the prognosis of CESC patients.

Enrichment analysis to explore the potential mechanisms
of CESC

GSEA revealed that prognostic genes in CESC were
significantly enriched in pathways such as "interleukin-6
(IL-6) Janus kinase/signal transducer and activator of
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transcription (JAK/STAT3) signaling," "inflammatory
response,” and "glycolysis" (Figs. 5A-5F), highlighting
key metabolic, inflammatory, and signaling processes.
GSVA showed pathway differences between HRC and
LRC: ‘'retinol metabolism" and "estradiol-estrogen
receptor (E2 ER) Ras extracellular signal-regulated kinase
(ERK) signaling” were activated in HRC, while "HTT to
TNF JNK" and "FAS-JNK" pathways were suppressed
(Fig. 5G). These findings suggest that patients in the
HRC group exhibit enhanced proliferative capacity and
survival, accompanied by reduced apoptotic signaling,
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contributing to higher tumor progression risk and
poorer prognosis, informing potential targeted therapies
revealing differences in the immune microenvironment
of patients with CESC exhibiting different risk levels.
Immune infiltration analysis revealed significant
differences in the infiltration levels of 12 out of 22 immune
cell types between tumor and normal tissues (*P<0.05)
(Figs. 6A and B). In particular, CD8'T cells, activated
memory CD4*T cells, follicular helper T cells, Tregs, MO
and M1 macrophages, resting and active dendritic cells,
and other immune cells were more prevalent in tumor
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Fig. 6. Immune infiltration, somatic mutations, and drug sensitivity in the training cohort. (A) Infiltration abundance of 22 immune cell types in CESC and
normal tissues. (B) Comparative analysis of the infiltration abundance of 22 immune cell types between CESC and normal tissues. (C) Correlation analysis
between the infiltration of 22 immune cell types and the risk score. (D-E) Somatic mutation profiles in HRG (D) and LRG (E). (F) Differences in half-maximal
inhibitory concentration (IC50) values of commonly used chemotherapeutic drugs between HRG and LRG (*P<0.05, **P<0.01, ***P<0.001, ****P<0.0001,

ns: P>0.05).

tissues (¥*P<0.05). On the other hand, there was less
infiltration of naive B cells, resting memory CD4*T cells,
M2 macrophages, and resting mast cells in tumor tissues.
According to correlation analysis, CD8'T cells showed
the largest negative association (COR =-0.33) with the risk
score, but activated mast cells had the strongest positive
correlation (COR=0.32) (Fig. 6C). These results suggest
that activated mast cells may facilitate tumor progression
and increase patient risk, whereas CD8'T cells might
exert a tumor-suppressive effect, thereby reducing patient
risk.

The mutational landscape showed missense mutations
as the most common type in both HRC and LRC, with
TTN being the most frequently mutated gene. Somatic
mutations were detected in 84.3% of HRC (102/121)
and 82.58% of LRC (109/132) individuals (Figs. 6D-6E),
suggesting higher immune evasion and potentially more
challenging treatment in high-risk patients. Additionally,
differences in the IC50 values of targeted drugs for CESC

were analyzed between HRC and LRC. Drugs such
as Camptothecin, cisplatin, and cytarabine exhibited
significantly higher IC50 values in the HRC group
(*P<0.05) (Fig. 6F), suggesting that patients in this group
may display enhanced resistance or poorer responses to
these therapies. Therefore, higher drug concentrations
may be required to achieve comparable therapeutic
outcomes in high-risk patients.

Identification of three cell types in CESC

The GSE168652 dataset was subjected to scRNA-seq
analysis in order to explore possible cellular processes
in CESC. A dataset of 22,120 cells and 22,405 genes was
created after quality control. For additional examination,
the top 2,000 most variable genes were chosen. PCA
revealed stabilization at 30 PCs, which were selected for
further investigation. Ten different cellular groupings
were identified by clustering analysis (Fig. 7A). The
specificity of marker genes for cell type annotation was

8 | Biolmpacts. 2026;16:33527



Zheng et al

[ro— . . . ansn
Average Expreasicr
10
s
.0 2.0
1 -ns
.2 = -0
o 23 oo Ten R . L LA Peoent Exprasses
Zz .5 - S
2 -
- “8 .20
.7 . 30
.5 ® 0
3 .
[ e e
o 8 Tl D gl T o F gt
el el s S Y
& o By
Featurss
State + 1 ¢ 3 - 4 -+
Pseudotime
o s 1015 20
10.0
100
7h
75 ~
i e o £
& e g 5o £
=S [=%
g
g £ s
E s o
5
00 0.0
. . b} 4 8 12 12
R = Compoenant 1

Numbar of interactions

I

- o P

T S ?

g il

g or .

wE
DompnnEnH R

H
Camponent 1 Companent 1 (‘,nmpnnenn Dnmmnsnm

Componsni
FTEE X
Tﬁ e ®

Gampenent ™

sl Comparent 1

Comacnent 2

]
g
Z
£
S

Comparem
£
&
B
\
H
L

Componant

Fig. 7. Single-cell RNA sequencing (scRNA-seq) analysis of the GSE168652 dataset. (A) t-distributed stochastic neighbor embedding (t-SNE) visualization
of 10 cell clusters identified through clustering analysis. (B) Bubble plot illustrating marker genes associated with the annotated cell types. (C) t-SNE
visualization highlighting three annotated cell types. (D) Pseudo-time trajectory analysis showing the differentiation pathway of CD8*T cells. (E) Comparison
of CD8*T cell trajectories in CESC and normal tissues. (F) Distribution of prognostic gene expression across the developmental trajectory of CD8*T cells.

(G) Cellular communication network depicting the number (left) and strength (right) of interactions among annotated cell types.

highlighted by a bubble plot (Fig. 7B), which ultimately
identified three main cell types: macrophages, CD8"T
cells, and epithelial cells (Fig. 7C). Notably, epithelial
cells constituted a substantial proportion of the sample,
potentially indicating a gradual disruption of normal
growth regulation during carcinogenesis and directly
implicating these cells in tumor progression and
development. CD8*T cells are critical effector cells in
anti-tumor immunity, recognizing and eliminating
tumor cells expressing aberrant antigens.” Despite
their tumor-suppressive potential, immunosuppressive
mechanisms within the TME can hinder their function,
contributing to tumor immune evasion.” To elucidate
the functional changes and developmental trajectories of
CD8*T cells during tumor progression, a pseudo-time
analysis was conducted. The developmental trajectory of
CD8*T cells was distinctly segmented into four stages,
characterized by two roots and three branching events
during mid-development (Fig. 7D), highlighting the
specificity of CD8*T cells and their capacity to follow
diverse developmental pathways. Compared to normal
conditions, the CESC environment significantly reduced
CD8'T cell populations in the early stages while increasing
them in the mid-to-late stages (Fig. 7E), suggesting the
presence of immune regulatory mechanisms that may

enhance tumor immune evasion during the initial immune
response. Moreover, the analysis of prognostic gene
expression within CESC showed higher expression levels
in the later stages of CD8*T cell differentiation (Fig. 7F),
implying that these genes are essential for the maturation
and functional efficacy of CD8*T cells. This could reflect
the cells' adaptation to the TME, ultimately influencing
patient prognosis. Finally, cell-cell communication
analysis revealed the interactive relationships among the
three identified cell types, showing mutual interactions
between each pair (Fig. 7G).

PFKP was identified as a risk factor for CESC

MR analysis was performed to assess causal links between
prognostic genes and CESC. After filtering, PFKP and
PFKM were analyzed, with IVW revealing a significant
causal association for PFKP as a risk factor (OR=1.1028,
95% CI: 1.0335-1.1768, P=0.0031) (Table 1).

Scatter, forest, and funnel plots illustrated a positive
correlation of PFKP with CESC risk and confirmed
consistency with Mendel’s second law (Figs. 8A-
8C). Sensitivity analyses confirmed the MR results'
dependability. The robustness of the MR results was
demonstrated by the fact that Cochran's Q test showed
no heterogeneity in the results (P>0.05), pleiotropy tests
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Table 1. Exploring the causal association between prognostic genes and cervical cancer (CESC) among Mendelian randomization (MR) analysis

Outcome Exposure Gene Method SNP  Pvalue OR OR_LCI95 OR_UCI95
MR Egger 0.0753 1.1194 1.0141 1.2356
Cervical cancer Weighted median 0.0120  1.1073 1.0226 1.1989
f:\;gﬂrgjfg;:\:}&c_ljz_ ENSGOeO%t(l)j(;G7os7 PFKP Inverse variance weighted (fixed effects) 7 0.0031 1.1028 1.0335 1.1768
UTERI_EXALLC) Simple mode 0.9203 1.0073 0.8788 1.1546
Weighted mode 0.0256 1.1062 1.0345 1.183
MR Egger 0.7931 0.8983 0.4814 1.6763
Cervical cancer Weighted median 0.3111 1.1111 0.9062 1.3624
fﬂgﬁgjfgsr{l\i&im— ENSe 0%%%:;5 Josg  PFKP Inverse variance weighted (fixed effects) 3 02580  1.1203  0.9201 13640
UTERI_EXALLC) Simple mode 0.2063 1.5264 0.9741 2.3919
Weighted mode 0.6722 1.0535 0.8555 1.2974
MR Egger 0.4410 1.1774 0.9027 1.5358
Cervical cancer Weighted median 0.3260 1.0485 0.9539 1.1525
fﬂgﬁgjfgsé\}&im- ENSG o%%tcl)ji c301g RFC4 Inversevariance weighted (fixed effects) 3 06424 10390 08840 12213
UTERI_EXALLC) Simple mode 0.3207 1.1716 0.9243 1.4850

Weighted mode

0.4434 1.0474 0.9517 1.1526

SNP: single nucleotide polymorphism; OR: odds ratio.

A MR Tast B
Inverse variance weighted /” Weighted median
/ MR Egger Weighted mode
d Simpla mode

.

n_R11_CD2_INSITU_CERVIX_UTERI_EXALLC

£ . e 1
- .
8
£ 00— -
2 e
g Al
3
g All
£ 025 0550 075 100
& SNP effect on PFKP || eqti-a-ENSGO000D0G7057
c D
MR Method rs3814588
Inverse variance weighted
MR Egger 1132173
~ 156002827
0
2 .
1$12358485
18 9315786
>
. rS6560648
=
T 10-
. 1510736985
L
. . . o
=01 0o 01 02 03 04

136569848
138315786
rs10736065 [
3814588 [
1132173 —o—
re56002827
1512358465
- MR Egger ——
e

- Inverse variance weighted

' 0 ' '
05 00 05 10
MR effect size for
PFKP || eqti-a-ENSG00000067057° on ‘Cervical cancer || finrngen_R11_CD2_INSITU_CERVIX_UTERI_EXALLC'

i . . . .
0.00 0.05 0.10 0.15 020

MR leave-one-out sensitivity analysis for
'PFKP || eqti-a-ENSGO0000067057' on ‘Cervical cancer || finngen_R11_CD2_INSITU_CERVIX_UTERI_EXALLC'

Fig. 8. Mendelian randomization (MR) analysis of PFKP and CESC. (A) Scatter plot showing a positive correlation between PFKP expression and increased
risk of CESC. (B) Forest plot indicating that the effect size of PFKP on CESC consistently remains above zero. (C) Funnel plot confirming adherence to
Mendel’s second law, supporting the absence of directional pleiotropy. (D) Leave-One-Out (LOO) analysis showing minimal variation in the impact on CESC
when individual single-nucleotide polymorphisms (SNPs) are sequentially excluded.

showed no evidence of confounding bias (P>0.05), and
LOO analysis showed only slight changes in the effect on
CESC when each SNP was sequentially excluded (Fig. 8D).

Discussion
CESC is a major global health concern and a prevalent

female reproductive malignancy, driven by complex
genetic and molecular alterations.*® This study focuses on
lactylation, a post-translational modification implicated
in tumor progression, highlighting the importance of
investigating the prognostic role of LRGs in CESC.*

By leveraging transcriptomic and scRNA-seq data,
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this study systematically explored the prognostic role of
LRGs in CESC. Through comprehensive bioinformatics
analyses, six LRGs, including PGK1, PFKP, PFKM,
DDX39A, RFC4, and WAS, were identified as significant
prognostic markers for CESC. PGK1, a critical glycolytic
enzyme, has been implicated in promoting cancer cell
metabolism and proliferation across various tumor types,
including breast and lung cancers.”® Similarly, glycolytic
enzymes PFKP and PFKM are well-documented as
regulators of cancer cell growth, with their expression
levels linked to survival, recurrence, and mortality in
patients with CESC.>"*? PGK1 expression has the potential
to serve as a prognostic biomarker for CESC, as its
upregulation promotes aerobic glycolysis and enhances
both migration and invasion of CESC cells.”* Elevated
PGKI levels in CESC cells, as determined by RT-qPCR
and corroborated by the human protein atlas (HPA),
have been shown to facilitate the conversion of M1
macrophages to M2 macrophages and inhibit necroptosis
in CESC cells.** Recent investigations have also indicated
that PFKP mRNA and protein levels are reliable predictors
of survival, recurrence, and mortality risk in patients with
CESC.” Furthermore, a study validated that a panel of
six glycolytic genes, including PFKP, accurately predicts
the prognosis of patients with CESC.** Notably, Our
MR analysis confirmed a significant causal relationship
between PFKP expression and CESC, with an odds ratio
(OR) exceeding 1, thereby positioning PFKP as a potential
risk factor for CESC. WAS, primarily known for its role
in immune function and hematopoietic system diseases,
influences the differentiation and migration of immune
cells by regulating cell adhesion. Studies have shown that
neural Wiskott-Aldrich syndrome protein (N-WASP), a
member of the WASP family, is markedly upregulated
in CESC tissues and cell lines.”” The overexpression of
N-WASP enhances the migratory and invasive capabilities
of CESC cells, while suppression of N-WASP expression
effectively reduces these cellular behaviors.” Furthermore,
N-WASP is likely to promote the invasion and migration
of CESC cells by activating the p38 (mitogen-activated
protein kinase) MAPK signaling pathway.”® This finding
suggests a pivotal role for N-WASP in the progression
of CESC, offering potential therapeutic targets for
intervention. In the context of DNA replication, RFC4
has been associated with genomic instability and cancer
development. A recent study identified RFC4 as a
novel diagnostic and prognostic biomarker for CESC,
highlighting its expression during cervical malignant
transformation.”® Lastly, DDX39A, a helicase involved in
RNA metabolism, has been closely linked to the prognosis
of liver,”® pancreatic,® and bladder cancers.®> However,
its direct association with CESC prognosis remains
underexplored, presenting an opportunity for further
investigation. Our findings reveal that PGK1, PFKP,
and PFKM are overexpressed in HRC, suggesting their
active involvement in disease progression. Conversely,
DDX39A, RFC4, and WAS exhibit higher expression
in LRC, potentially reflecting their roles in protective

mechanisms or more favorable disease outcomes. In
summary, this study not only validates the prognostic
value of these LRGs in CESC but also provides new
insights into their underlying biological mechanisms. The
observed differential expression patterns of these genes
between HRC and LRC patients underscore their clinical
relevance and could inform future therapeutic strategies
tailored to individual patient risk profiles.

The development of risk models is critical for early
risk assessment and personalized treatment strategies in
patients with CESC. Utilizing a panel of six prognostic
genes, a risk model that demonstrated strong predictive
power was constructed. In the training cohort, the
model achieved AUC values of 0.70, 0.75, and 0.76 at 1,
3, and 5 years, respectively, indicating its robustness in
assessing patient risk. To further evaluate the model’s
performance, a comparative analysis was conducted
with previous studies on CESC prognosis. For instance,
a model based on four ferroptosis-related genes reported
AUC values of 0.737, 0.734, and 0.706 at 1, 3, and 5 years,
respectively.®® Another study, using a model based on 12
heat shock protein-related genes, achieved AUC values
of 0.79, 0.73, and 0.77 for the same time points.** These
findings highlight the prognostic potential of our selected
LRG markers in CESC. Furthermore, our study identified
stage, nodal involvement (N stage), and tumor size (T
stage) as critical independent prognostic factors for CESC.
Notably, these prognostic factors remained significant
even after adjusting for other potential confounding
variables, underscoring their robustness and pivotal role
in determining survival outcomes. Specifically, advanced
disease stage, increased regional lymph node involvement,
and larger primary tumor size were all significantly
associated with poorer survival rates.®® To leverage these
insights, stage, N stage, T stage, and the derived risk score
were integrated into a comprehensive nomogram. This
tool demonstrated enhanced predictive accuracy, with
AUC values of 0.805, 0.820, and 0.815 at 1, 3, and 5 years,
respectively, reflecting superior prognostic capabilities
compared to the risk model alone. The incorporation
of these clinical variables into our risk model has not
only improved its precision but also facilitated a more
nuanced assessment of each patient’s risk profile. This, in
turn, enables clinicians to tailor therapeutic approaches
more effectively—employing more aggressive treatments
for high-risk patients to potentially improve survival
outcomes, while lower-risk patients may benefit from less
intensive interventions.

In enrichment analysis, GSEA and GSVA have
highlighted important biological pathways in cancer
progression, particularly "IL-6 JAK STAT3 signaling,"
"inflammatory response,” and "glycolysis," which are
crucial for tumor biology.® This pathway has been well-
established in its association with tumor progression and
metabolic reprogramming in cancer cells, potentially
involving lactylation as a modulating factor.”” The
inflammatory response pathway is directly implicated
in tumorigenesis, where inflammation-associated genes
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may drive progression and influence the TME of CESC.
This includes potential impacts on lactic acidification-
related pathways, emphasizing the interconnectedness
of inflammation and cellular metabolic responses.®®
Glycolysis, a central metabolic process for cellular
energy production, is especially relevant under the
pressures of tumor growth. The post-translational
modification lactylation, often observed in cancer cells—
particularly under hypoxic conditions or altered glucose
metabolism—suggests a significant interplay between
glycolysis and regulatory mechanisms influenced by or
affecting lactylation.® GSVA results further highlighted
marked differences in pathway activation between HRC
and LRC. Pathways such as "retinol metabolism" and
"E2 ER Ras Erk signaling” were notably activated in
HRC. The E2 ER Ras Erk signaling pathway, related to
ER activation, involves a series of downstream signaling
events, potentially involving Ras and ERK, which may
drive cancer progression and worsen the prognosis in
high-risk patients.”” Retinol metabolism, which impacts
cell proliferation and differentiation, further contributes
to the aggressive nature of cancer in HRC.”" However,
in HRC, pathways that are essential for cellular response
and apoptosis, like "variant mutation-caused aberrant
HTT to TNF JNK signaling” and "FAS-JNK signaling,"
were inhibited. By avoiding regular apoptotic processes,
this suppression probably promotes tumor survival by
increasing tumor cell growth and resistance to cell death.”
These findings classify HRC patients as high-risk and
suggest that targeted therapies aimed at these pathways
may inhibit tumor growth and promote apoptosis.
Notable immune cell infiltration was observed in tumor
tissues, with elevated levels of CD8'T cells, activated
memory CD4*T cells, follicular helper T cells, Tregs, MO
and M1 macrophages, and both resting and activated
dendritic cells.”” This diverse infiltration pattern suggests
an active attempt by the immune system to mount an
antitumor response. Among these immune cells, CD8*T
cells, recognized as key effector cells capable of directly
targeting and eliminating tumor cells,”* exhibited a
marked negative correlation with the risk score, indicating
that higher infiltration of CD8*T cells is associated with
reduced tumor risk and improved prognosis. In contrast,
the concurrent increase in Tregs and M0 macrophages—
both of which possess immunosuppressive properties
indicates a tumor-driven strategy to evade immune
clearance.”””® The immunosuppressive functions of Tregs
lead to weak immune responses and faster tumor growth
in many cancers. Fewer naive B cells and other immune
cells may allow tumors to grow unchecked.”” Correlation
analysis of immune infiltration further clarifies the TME,
revealing a strong positive correlation between activated
mast cells and the risk score. This finding aligns with
previous studies suggesting that while activated mast cells
contribute to immune responses, they may also promote
inflammation and tumor angiogenesis and foster tumor
growth and metastasis within the TME.”® Tumors can
establish an immunosuppressive microenvironment

while simultaneously activating certain immune cells,
thereby suggesting potential targets for improving
immunotherapy. Given the critical role of CD8*T cells
in antitumor immunity, future research should focus on
strategies to augment their infiltration and activity within
the TME, potentially improving clinical outcomes for
patients with CESC.

In scRNA-seq analysis, three distinct cell types were
annotated: epithelial cells, CD8*T cells, and macrophages,
each playinga pivotal rolein the context of CESC. Epithelial
cells, as the primary cellular component of cervical tissue,
are directly involved in the initiation and progression of
CESC. Genetic and epigenetic alterations in these cells
drive dysregulated proliferation and differentiation,
key hallmarks of oncogenesis.”” In addition to being
the origin of tumorigenesis, epithelial cells significantly
influence the tumor immune microenvironment
through the expression of surface molecules and the
secretion of cytokines. These activities modulate immune
responses, thereby affecting tumor growth and metastatic
potential.®® CD8*T cells, as essential effectors of the
adaptive immune system, target CESC by recognizing
and responding to tumor-specific antigens presented on
cancer cells.! Upon activation, these cells differentiate
into effector T cells, which are capable of eliminating
tumor cells through cytotoxic molecules. This process
is critical for limiting tumor expansion and preventing
metastasis. Additionally, CD8*T cells orchestrate a
broader antitumor immune response by secreting
cytokines that activate other immune cells, such as
macrophages, thereby amplifying their antitumor effects.
Macrophages, another critical cell type identified in this
study, exhibit either pro-inflammatory, antitumor (M1)
or anti-inflammatory, protumor (M2) phenotypes.* The
dynamic interplay between these macrophage phenotypes
plays a key role in either promoting or suppressing CESC
progression. Pseudo-time trajectory analysis of CD8*T
cells revealed a critical differentiation pathway from naive
to effector and subsequently to memory T cells. This
differentiation process is essential for a robust antitumor
response, where effector CD8*T cells directly participate
in tumor eradication, and memory T cells provide long-
term surveillance to prevent recurrence.*” The presence
and activity of CD8*T cells within the TME have been
shown to correlate with better prognosis and lower tumor
risk, emphasizing their central role in controlling CESC
progression.

This study identified six LRGs as key prognostic
markers and constructed a predictive model that
demonstrated robust performance. Through MR analysis,
PFKP was established as a risk factor for CESC. Further
investigation illuminated the critical role of the immune
microenvironment, particularly highlighting the influence
of CD8'T cells in shaping tumor immunity. scRNA-
seq analysis revealed intricate cellular heterogeneity and
detailed the differentiation trajectories of CD8*T cells,
enhancing our understanding of their role in combating
cancer. Despite these insights, the study is limited by
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its relatively small sample size, which may affect the
generalizability of the findings. Future research should
focus on validating these prognostic markers in more
diverse populations and further exploring the mechanistic
roles of LRGs and CD8"T cells in CESC. Furthermore,
the retrospective nature of this study and the lack of in
vitro or in vivo validation of the lactylation mechanism
represent additional limitations that should be addressed
in future work.

Conclusion

In summary, this study identifies lactylation-related genes,
particularly PFKP, as promising prognostic biomarkers in
cervical cancer. The robust risk model highlights CD8*T
cell dynamics as key to tumor progression, revealing
their differentiation-linked abundance changes in the
microenvironment. These findings provide new insights
into lactylation-mediated immune-metabolic regulation
and potential therapeutic targets for CESC.
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