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Abstract

Background Endometrial carcinoma (EC) is a prevalent kind of cancerous tumor with significant morbidity and mortality.
Mounting evidence reveals that lactylation modification plays a crucial role in tumorigenesis, but its connection to EC
remains poorly understood. This study aimed to identify a lactylation-related gene signature to predict the prognosis
of EC.

Methods Differentially expressed lactylation-related genes between EC and normal samples were analyzed using the
TCGA database. Univariate and LASSO Cox regression analyses were employed to construct the lactylation-related signa-
ture, which was then validated using both the test set and entire set. A nomogram was further developed and evaluated.
Additionally, enrichment analysis, immune cell infiltration, tumor mutation burden and drug response were assessed
between the two risk groups.

Results Sixteen lactylation-related genes (LRGs) were selected to construct the prognostic signature. Kaplan-Meier
survival curves showed that patients in the high-risk group had remarkably worse prognosis. A nomogram based on
the signature and other clinical characteristics was constructed and demonstrated strong predictive power. Addition-
ally, biological pathways, immune status, tumor mutation burden and drug response differed between the high- and
low-risk groups.

Conclusion In conclusion, our study demonstrated that the LRG signature is a promising biomarker for EC, effectively dis-
tinguishing high-risk patients, predicting prognosis, and offering new strategic directions for antitumor immunotherapy.
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1 Introduction

Endometrial cancer (EC) is one type of malignant tumor originating from the epithelial cells of the endometrium [1]. It
is recognized as the sixth most prevalent cancer among women, whose incidence is estimated to increase to 42.13 per
100,000 people in the US by 2030 [2]. And the morbidity and mortality of EC are increasing worldwide as well [3, 4]. By
virtue of the advance in techniques for early diagnosis, patients diagnosed at an early stage account for approximately
75% of EC. Strikingly, the 5-years overall survival rate of patients diagnosed at early stage (stage I) is 74-91% thanks to
surgery, while that of advanced-stage (stage lll or IV) patients declines to 15-17% owing to a high recurrence rate [3, 5]. In
terms of therapeutic approaches for endometrial cancer, adjuvant therapies, including chemotherapy and radiotherapy,
might benefit patients as well as surgery. But therapeutic options beyond first-line chemotherapy remain limited [6, 7].
Hence, exploration and identification of novel biomarkers is crucial to help screen out patients with poor prognosis and
tailor their treatment strategies accordingly, ultimately improving clinical outcomes and survival rates.

Protein lactylation has emerged as a novel lactate-mediated post-translational modification of both histone and
non-histone proteins, first reported in 2019 [8]. Similar to methylation, lactylation involves the addition or removal of
lactic acid groups to lysine residues, a process mediated by lactyltransferases and delactylases [9-12]. Furthermore, his-
tone lactylation participates in numerous biological and pathological processes. Mounting studies have illustrated that
histone lactylation plays a crucial part in neurodevelopment [13], inflammation, macrophage polarization, regulation
of tumor proliferation [14] and other glycolysis-related cellular functions [8]. Since aerobic glycolysis is an important
source of lactic acid for lactylation in cancers and is closely linked to the onset and progression of tumors, an increasing
number of relevant researches have proliferated to explore the role of lactylation and its clinical value in several kinds of
cancers [15]. Numerous studies have shown that patients with higher levels of lactylation suffer from worse prognosis
in different cancers. Mechanistically, the tumor metabolite lactate in the tumor microenvironment (TME) could regulate
protein lactylation, subsequently regulating gene expression, metabolic reprogramming, and immune response, which
is of great value in tumorigenesis, as it influences key processes such as cell proliferation, survival, and immune eva-
sion, contributing to the progression and malignancy of tumors [8, 16-18]. Even though lactylation has attracted broad
attention, relevant research on its role in endometrial cancer is still limited, especially regarding the signatures that can
be used to assess the prognostic significance of lactylation-related genes (LRGs) in EC. This gap highlights the need for
further investigation into how lactylation and LRGs contribute to the progression of EC and how these molecular markers
can be used to predict patient outcomes and guide treatment strategies.

In our study, we collected the lactylation-related data published thus far and conducted an analysis of these genes in
EC patients, utilizing data obtained from The Cancer Genome Atlas (TCGA) database, a comprehensive resource that pro-
files the molecular characteristics of various types of cancer. Then, we constructed a 16-gene lactylation-related signature
using LASSO analysis. We further explored the effects of this signature on prognosis, biological functions, immune cell
infiltration and drug sensitivity. Notably, our findings demonstrated that the lactylation-related signature held promise
as a predictive factor for the prognosis of EC patients and their response to treatment, which opens avenues for future
research and clinical applications.

2 Materials and methods
2.1 Acquisition of expression profiles and clinical data of EC patients

The expression and clinical data of EC patients were downloaded from the TCGA database (https://portal.gdc.cancer.gov/).
537 cancer cases and 35 normal samples were initially selected to identify the differentially expressed genes (DEGs). We
excluded patients who had incomplete clinical and follow-up information to ensure the reliability and completeness of
our analysis. Finally, 525 cancer samples and 35 normal samples were eventually included in the subsequent studies.
The clinical features are detailed in Table 1. All transcriptomic data were standardized and normalized, and DEGs were
analyzed using “DESeq2” package. The DEGs threshold was set as follows: adjusted P value <0.05. A volcano Plot was
generated using the "ggplot2" package to visually represent the differentially expressed genes.
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Table 1 Clinical features of 560 samples
Covariates Type Entire set N (percentage) Train set N (percentage) Test set N (percentage)
Survival status Alive 445 (84.76%) 225 (85.55%) 220 (83.97%)

Dead 80 (15.24%) 8(14.45%) 42 (16.03%)
Age <65 283 (53.90%) 146 (55.51%) 137 (52.29%)

>=65 242 (46.10%) 117 (44.49%) 125 (47.71%)
Stage Stage | and Stage ll 375(71.43%) 82 (69.20%) 193 (73.66%)

Stage lll and Stage IV 150 (28.57%) 1 (30.80%) 69 (26.34%)
Grade G1and G2 214 (40.76%) 110 (41.83%) 104 (39.69%)

G3 and high grade 311 (59.24%) 153 (58.17%) 158 (60.31%)

2.2 Assertion of lactylation-related genes in EC

The lactylation-related genes were gathered from previously published studies [8, 9, 19]. After deleting duplicated
genes, we identified a total gene set of 332 genes, which were presented in Additional file 2: Table S1. A heatmap
was generated with the “pheatmap” package to visualize the lactylation-related DEGs.

2.3 Functional enrichment analysis

To explore the potential biological functions of the lactylation-related differentially expressed genes (LRDEGs), we
implemented the “ClusterProfiler” package in R software for Gene Ontology (GO) term enrichment analysis, which
included three categories: biological process (BP), molecular function (MF), cellular component (CC) as well as the
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis.

2.4 Construction and validation of a lactylation-related prognosis signature

525 cancer samples (entire set) were randomly allocated to the train set (n =263) and test set (n=262) in a one-to-
one ratio. The test set and the entire set were used for validation. First, we utilized the univariate Cox regression in
the train set to identify candidate survival-related LRDEGs with significance level of p <0.05. Next, LASSO regression
analysis was used to screen out genes involved in the prediction signature in train set; P value < 0.05 was consid-
ered statistically significant. The least absolute shrinkage and selection operator (LASSO) was used to construct the
lactylation-related prognosis signature, with the risk score signature developed from the training set data as follows:
Riskscore= ZN (exp x coefficient) where N is the number of signature genes, exp represents the gene expression value
of each gene and coefficient refers to the coefficient index. We treated the median risk score in the train set as the
cutoff value and patients from the train set were divided into two groups. Kaplan-Meier analysis was conducted to
evaluate overall survival (OS) differences between the two groups. The receiver operating characteristic (ROC) curve
was generated using the R package “timeROC” to evaluate the sensitivity and specificity of the risk signature. Principal
component analysis (PCA) and t-distributed stochastic neighbor embedding analysis (t-SNE) were performed using
the R packages “stats” and “Rtsne” to examine the distribution and outcome of high-risk and low-risk group patients.
The test set and the entire set were used to validate the signature.

2.5 Independent prognostic analysis and construction of a nomogram

Univariate and multivariate Cox regression analyses were performed using the “survival” package in R to examine
the relationship between prognosis, risk score, age, grade and stage. Then, we developed a nomogram using the
“survival”and “rms” R packages to predict 1-, 3-, and 5-year survival rates for EC patients. ROC curves, decision curve
analysis (DCA), and calibration curves were employed to evaluate the signature’s performance.
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2.6 Gene set enrichment analysis

Gene set enrichment analysis (GSEA) [20] was utilized using the "clusterProfiler" package to explore the molecular mecha-
nisms underlying the risk signature. The annotated gene sets for GSEA were obtained from Hs.entrez.v7.0 of the Molecular
Signature Database (MsigDB) (https://www.gsea-msigdb.org/gsea/msigdb/). We separated the samples in the entire
set into the high- and low-risk groups based on scores calculated by the signature, and then compared the enriched
pathways between the two groups.

2.7 Analysis of the tumor immune microenvironment (TIME), tumor-infiltrating immune cells (TIICs),
immune checkpoint and immunophenotype score (IPS)

ESTIMATE was used to assess the relationship between the risk signature and the tumor microenvironment (TME), includ-
ing the stromal score, immune score, tumor purity, and ESTIMATE score [21, 22]. To seek the relationships between the
risk signature and immune status, differences in immune infiltrating cells between the two risk groups were analyzed
and compared using CIBERSORT and single-sample Gene Set Enrichment Analysis (ssGSEA) [23]. Next, we compared the
expression levels of 33 immune checkpoint genes in the two risk groups. Using the “survival”and “survminer” packages,
we conducted joint survival analysis of the expression of PD-1, CTLA-4 and risk score, respectively. The immunophenotype
scores (IPS) were used as a predictive measure to estimate a patient’s response to immune checkpoint inhibitor-based
immunotherapy. IPS values for EC patients were obtained from The Cancer Immunome Atlas (TCIA) database (https://
tcia.at/home), and we compared the IPS values between the two risk groups.

2.8 Analysis of tumor mutation burden (TMB), Microsatellite instability (MSI) and drug inference

The mutation data collected from TCGA were analyzed using the R package “maftools”, which facilitated the visualization
and interpretation of somatic mutations in the context of the risk signature and their association with the clinical features
of the samples. And we calculated TMB by the formula: TMB = (total mutation/total covered bases) * 10°, Microsatellite
instability (MSI) status for each sample was also collected from TCGA. We then conducted joint survival analysis of the
TMB, MSI and risk score respectively, using the “survival” package and the “survminer” package. In the pursuit of identify-
ing potentially effective therapeutic agents between risk groups, the predictive capabilities provided by the "oncoPre-
dict" R package were extensively utilized, which allowed for the prediction of drug responses based on gene expression
profiles, helping to identify potential therapeutic agents that could be effective for patients in each risk group [20].

2.9 Data analysis

All statistical analyses were performed using the R (version 4.3.3) software. P values < 0.05 were considered significant,
with the following significance levels: *P < 0.05, **P < 0.01, and ***P <0.001.

3 Results
3.1 ldentification of LRGs in EC

The flow chart of the study is shown in Fig. 1. First, we used the DESeq2 algorithm to identify the DEGs in EC. By comparing
tumor tissues with normal tissues, 12,001 DEGs were identified, including 6919 upregulated and 5082 downregulated
genes. The results were visualized in a volcano plot, highlighting the distribution of these genes based on their statisti-
cal significance and fold change (Fig. 2A). The intersection genes between DEGs and the lactylation-related genes were
identified using a Venn diagram (Fig. 2B). These genes were then further analyzed, and their expression profiles were
visualized using a heatmap (Fig. 2C), which provided a clear representation of the expression patterns across different
samples and groups. In exploring the functions of the 212 lactylation-related DEGs through GO enrichment analysis, we
first identified that these genes were involved in some pathways such as RNA splicing (Fig. 2D). This finding suggests
that lactylation may play a role in regulating RNA processing and splicing mechanisms, which could contribute to the
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pathogenesis of endometrial cancer. In KEGG enrichment analysis, we found that these lactylation-related differentially
expressed genes were substantially associated with glycolysis (Fig. 2E). This hints that lactylation may play a crucial part
in the regulation of metabolic pathways, particularly glycolysis, in endometrial cancer. This association with glycolysis
highlights the potential metabolic reprogramming in cancer cells, where lactylation could influence energy production
and tumor progression.

3.2 Establishment of a lactylation-associated gene prognostic signature in EC

The entire set was randomly divided into a train set and a test set in a 1:1 ratio. First, in the train set, univariate Cox
regression was conducted to screen out prognostic-related genes from above the previously identified lactylation-
related differentially expressed genes (Additional file 1: Fig. S1). Following this, these genes were subjected to LASSO Cox
regression analysis (Fig. 3A, B), which further refined the selection of genes based on their predictive value. Ultimately,
16 genes were selected and formed the foundation of a risk signature. This risk signature was established using the
following formula: riskscore =NOP2 x0.252 + HSPE1 x 0.020 + HISTIH1C x 0.028 + BZW2 X 0.413—HIST1H3A X 0.479—
PFN1x0.139 + ACAT2 x 0.046 -TP53x0.024 + EMG1 x 0.550 + GFAP X 0.514 + SIRT2x 0.371 + PRKDC x0.181—
LGALS1x0.078 + RIMS1 x 3.877—SIRT3 x 0.878- VIM x 0.167. After calculating the risk scores for each sample in the train
set, the samples were divided into two groups: a high-risk group and a low-risk group. This division was based on the
median risk score (Fig. 3C). The Kaplan-Meier survival analysis illustrated high-risk patients suffered from worse survival
outcomes while low-risk patients showed notably higher OS (Fig. 3E). Moreover, t-distributed stochastic neighbor embed-
ding (t-SNE), principal component analysis (PCA), and Receiver Operating Characteristic curve (ROC) were conducted
to evaluate the robustness and predictive power of the risk signature from various perspectives. As shown in Fig. 3F, G,
the t-SNE and PCA analyses effectively distinguished patients into two distinct risk groups, confirming the ability of this
16-gene risk signature to stratify patients based on their prognosis. Strikingly, the ROC curve analysis demonstrated the
excellent predictive efficiency of the signature. The area under the curve (AUC) for predicting 1-year, 3-year, and 5-year
overall survival (OS) reached 0.829, 0.912, and 0.878 respectively, indicating the strong ability of the risk signature to
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Fig.2 Screening and functional analysis of lactylation-related genes in EC. A Volcano plots of the differentially expressed genes (DEGs) in »
TCGA-UCEC. B Venn diagram showing 212 lactylation-related differentially expressed genes (LRDEGs). C Heatmap presenting the expression
level of 212 lactylation-related differentially expressed genes (LRDEGs). D GO functional enrichment of 212 lactylation-related differentially
expressed genes (LRDEGsS). E KEGG pathways enrichment of 212 lactylation-related differentially expressed genes (LRDEGsS)

predict patient survival over different time intervals. These results highlight the potential of this signature as a powerful
tool for prognostic prediction in endometrial cancer.

3.3 Validation of the lactylation-associated genes prognostic signature in EC

As described above, the test set and the entire set were applied to further verify the accuracy and confidence of this sig-
nature. In accordance with the preceding formula, patients in the test set were assigned their corresponding risk scores
and the median was used to distinguish the high- and low- risk groups. The same process was performed on the entire
set. Figure 4A, B exhibited the distribution of risk scores and survival status of patients across different groups. PCA and
t-SNE results confirmed the signature’s ability to differentiate between the two risk groups (Fig. 4C-F). And the overall
survival of high-risk patients notably declined compared to low-risk patients in both validation sets which is consistent
with the training set (Fig. 4G, H). Additionally, ROC curve analysis was applied to assess the accuracy of this signature in
both sets (Fig. 41, J). All above results strongly confirmed that this lactylation-related gene signature is reliable in predict-
ing prognosis of endometrial patients.

3.4 Validation of the signature as an independent prognostic factor

The results of univariate and multivariate analyses demonstrated that the signature could serve as an independent prog-
nostic factor for EC patients. The hazard ratio (HR) for this signature was 1.888 (95% confidence interval (Cl), 1.604-2.223)
in univariate regression analysis and reached 1.580 (95% Cl, 1.287-1.939) in multivariate regression analysis. Both were
statistically significant (Fig. 5A, B). For clinical application, we constructed a nomogram incorporating risk score, patient
age, tumor grade, and tumor stage (Fig. 5C). A calibration curve was used to assess the predictive accuracy of the
nomogram and showed a close match between the predicted and observed outcomes (Fig. 5D). Decision curve analysis
demonstrated that the nomogram provided greater clinical benefits compared to prognostic estimates based solely on
clinical characteristics (Fig. 5E). Moreover, the ROC curve revealed that our nomogram performed well in differentiating
the outcomes, with AUC values for the 1-, 3-, and 5-year predictions of 0.850, 0.929, and 0.894, respectively (Fig. 5F). These
results demonstrated the robustness of the nomogram in predicting overall survival. Consequently, we conclude that
the lactylation score may serve as a reliable independent prognostic indicator for EC.

3.5 Functional enrichment analysis based on the risk signature

To examine potential differences in the functional characteristics of the signature, functional enrichment analysis was
conducted on the groups categorized by risk. The GO enrichment analysis revealed a notable increase in small GTPase-
mediated signal transduction, positive regulation of protein localization, mitotic cell cycle phase transition and other
related processes (Fig. 6A). Furthermore, the KEGG pathway analysis revealed significant enrichment in the cell cycle,
DNA replication, and focal adhesion (Fig. 6B). Additionally, we also employed GSEA to analyze the transcript profiles
of patients in different risk groups. The high-risk group was demonstrated to be strongly linked with E2F targets, G2M
checkpoint and MYC targets according to GSEA analysis (Fig. 6C).

3.6 Investigation of immune factors and immunotherapeutic response in risk groups

We subsequently explored the correlation between lactylation-related risk score (LRRS) and immune features. The associa-
tion between LRRS and the TIME was assessed using the stromal score, immune score, ESTIMATE score and tumor purity.
Figure 7A revealed LRRS is negatively correlated with immune status and positively correlated with tumor purity. CIBER-
SORT and ssGSEA were then applied to further explore immunity levels in different risk groups. The heatmap illustrated
the immune infiltration landscape distinguishing the two subgroups (Fig. 7B). Moreover, the distribution of immune
infiltrating cells was markedly different in two groups (Fig. 7C). More specifically, the abundance of B cells, CD8 +T cells,
DCs, Macrophages, Mast cells, NK cells, Th1 cells and Th17 cells was higher in the low-risk group while CD4+T cells were
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Fig.3 Establishment of lactylation-related gene prognostic signature. A, B LASSO coefficient profiles and cross-validation via minimum cri- »
teria generating 16 significant prognostic LRGs. C Distribution of risk scores in the train set. D Kaplan-Meier survival curves showing the
significant differentiation in overall survival of patients between two risk subgroups in the train set. E Distribution of survival status with an
increasing risk score in the train set. F, G Principal component analysis and t-Distributed stochastic neighbor embedding analysis between
two risk subgroups in the train set. H ROC curves evaluating the predictive accuracy of the signature in predicting 1-, 3-, and 5-year OS in
the train set

more abundant in the high-risk group. To evaluate the potential treatment effect of immune checkpoint inhibitors (ICls),
we probed into the relationship between 33 ICls and the signature (Fig. 7D). The result showed that the expression of
immunotherapy markers, such as PD-1 and CTLA-4, were higher in low-risk patients. Figure 7E further confirmed that
low-risk patients had a higher response rate to ICls. Additionally, we conducted conjoint survival analysis between lacty-
lation score groups and PD-1 as well as CTLA4, which revealed statistical differences (Fig. 7F, G). Above findings implied
that the signature could assist in screening patients who might benefit from immune checkpoint blockade therapy.

3.7 Relationship between tumor mutation burden, microsatellite instability and risk score

Proto-oncogene mutation is well-established as an important cause of tumorigenesis. We thus analyzed the mutation pro-
files of two risk groups in order to dig out the relevance between lactylation and tumor mutation. We found that a higher
percentage of patients in the low-risk group (97.64%) had gene mutations compared to the high-risk group (97.46%). In
terms of specific mutations, the gene with the highest mutation frequency in the high-risk group was TP53, while PTEN
had the highest mutation frequency in the low-risk group. Interestingly, the dominant mutation type in both groups
was missense mutations (Fig. 8A, B). These findings suggest a potential relationship between lactylation and specific
proto-oncogene mutations, which could provide further insights into the molecular mechanisms driving tumorigenesis
in different risk groups. The observation that different genes, such as TP53 and PTEN, dominate in each risk group might
also reflect distinct pathways or mechanisms associated with tumor development in these populations. The analysis of
tumor mutation burden (TMB) values in patients revealed an important finding: patients with low TMB values had a less
favorable prognosis, as shown in Fig. 8C. This suggests that a lower TMB may be linked to more aggressive tumor behav-
ior or resistance to certain treatments, highlighting the potential importance of TMB in predicting patient outcomes.
Furthermore, the conjoint survival analysis using both TMB values and lactylation risk scores (Fig. 8D) provided deeper
insight into their combined impact on the prognosis of endometrial cancer. The results indicated that both TMB and risk
scores are significant factors that can influence the prognosis of EC patients, reinforcing the idea that molecular markers
like TMB and lactylation could play a crucial role in predicting the clinical outcomes and guiding treatment strategies.
Moreover, the combination of TMB and lactylation risk scores might provide a more comprehensive understanding of
the tumor microenvironment and its response to therapies, especially immune checkpoint inhibitors (ICls). This could
ultimately lead to better patient stratification and more tailored therapeutic approaches. Following the investigation
into TMB, we also examined microsatellite instability (MSI) scores in different risk groups. Figure 8E, F clearly showed that
low-risk patients exhibited higher MSI (microsatellite instability) scores compared to high-risk patients. This suggests that
MSI could be a relevant factor in differentiating between these two risk groups, potentially influencing the molecular
characteristics and behavior of the tumors in each group. Besides, Fig. 8G showed that patients in the MSI group had
better survival rates compared to those in the microsatellite stable (MSS) group. This aligns with the growing body of
evidence suggesting that MSI-H tumors are often more responsive to immune checkpoint inhibitors and may have bet-
ter prognoses due to their heightened immune response. In Fig. 8H, a conjoint analysis was performed using both MSI
status and lactylation risk scores. The results indicated that both MSI and lactylation significantly impact the prognosis
of endometrial cancer. This emphasizes that lactylation, in combination with MSI, could provide valuable insights for
predicting the clinical outcomes of EC patients, potentially influencing treatment decisions, particularly for therapies
that target the immune system. All these findings suggest that integrating MSI and lactylation risk scores could enhance
prognostic accuracy, guiding treatment strategies more effectively, especially in the context of immunotherapies.

3.8 Drug sensitivity
EC patients could benefit from the selection of appropriate drugs for comprehensive treatment. To enhance the pre-
cision of treatment strategies for endometrial cancer patients, we focused on evaluating the patients’ responses to

various oncology drugs based on their risk group classification. The "oncoPredict" package was utilized to predict the
half-maximal inhibitory concentration (IC50) values of different anticancer drugs for each patient, which helps assess
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Fig. 4 Validation of lactylation-related gene prognostic signature. A, B The distribution of risk scores and survival status of patients between »
two risk subgroups in the test set (A) and entire set (B). C, D Principal component analysis between two risk subgroups in the test set (C) and
entire set (D). E, F T-Distributed stochastic neighbor embedding analysis between two risk subgroups in the test set (E) and entire set (F). G,
H Kaplan-Meier survival curves verifying the significant differentiation in OS of patients between two risk subgroups in the test set (G) and
entire set (H). I, J ROC curve of 1, 3, 5-years survival prediction in the test set (I) and entire set (J)

the sensitivity of tumors to specific treatments. The results, shown in Fig. 9, revealed significant differences in the IC50
values between the two risk groups, indicating that the risk profiles influence drug sensitivity. In particular, high-risk
patients were more sensitive to paclitaxel, olaparib, and MK.1775. This suggests that these patients may benefit more
from therapies involving these drugs, which could be particularly useful in targeting tumors with specific molecular
characteristics. Low-risk patients, on the other hand, responded better to platin, tamoxifen, bleomycin, cyclophospha-
mide, sunitinib, and oxaliplatin. This highlights the potential efficacy of these drugs in patients with lower-risk profiles,
suggesting that tailored therapies could optimize treatment outcomes. All of these findings underscore the importance
of personalized medicine, where the risk profile of a patient guides the selection of the most effective chemotherapy or
targeted therapy. Moreover, understanding how different risk groups respond to specific oncology drugs can significantly
improve treatment strategies and outcomes for EC patients.

4 Discussion

In the past decades, the morbidity of EC has been rapidly increasing year by year owing to the following factors: an age-
ing population, the growing prevalence of obesity and some reproductive risk factors that increase lifetime exposure to
unopposed oestrogen resulting from early menarche, late menopause, PCOS, and nulliparity [24]. The increasing in the
mortality rate remained sharper than that of morbidity. And the increased rate of advanced-stage and high-risk histol-
ogy cancers as well as rising age at diagnosis might explain this trend to some extent [5, 25]. Due to the development
of early diagnostic techniques, the overall survival rate of endometrial cancer has improved dramatically recently [26].
However, the remaining 15% of patients diagnosed at an advanced stage showed a poor prognosis [27]. And more effort
is still needed to deal with the recurrence and metastasis of these patients [28]. Radical hysterectomy is considered the
standard treatment for patients diagnosed at an early stage, and adjuvant treatments including chemotherapy, radio-
therapy and immunotherapy are required for high-risk patients [29, 30]. The 5-year survival rate of patients diagnosed
early is favorable if they undergo surgical intervention and receive adjuvant radiation and chemotherapy. However, there
are limited therapeutic options for patients diagnosed as high-risk especially those with recurrent or metastatic disease
which might lead to the unsatisfactory prognosis [31]. Therefore, it is of great value to explore in depth the prognostic
biomarkers and therapeutic targets for endometrial cancer patients.

Lactate, once considered a metabolic waste product, has been verified to play an essential role in providing nutrients
for tumor cells and promoting the growth, proliferation, metastasis of tumor cells. Mechanistically, lactate could promote
tumor metabolic reprogramming, reconfigure tumor microenvironment and directly influence a wide variety of kinds
of immune cells which contributes to the immunosuppression and drug resistance of cancer. For instance, lactate could
create an acidic tumor microenvironment whose pH ranges from 6.0 to 6.5, consequently promoting processes like
metastasis, angiogenesis and immunosuppression and tumor resistance [32, 33]. More importantly, in 2019 researchers
from the University of Chicago discovered for the first time the role of lactate played in epigenetic modification, which
referred to as protein lactylation [7]. Soon the role of lactylation in the occurrence and progression of tumors has attracted
a great deal of attention. And numerous studies have clarified the oncogenic effect of this novel posttranslational modi-
fication. As to the field of bioinformatics, there have been several lactylation-related signatures to predict the progno-
sis of cancer patients including hepatocellular carcinoma, pancreatic adenocarcinoma, and colorectal cancer [34-371.
Nonetheless, research to elucidate the role of lactylation in endometrial cancer remains quite limited. The relationship
between lactylation-related genes and endometrial cancer prognosis is still in a blurred situation.

To investigate the function of EC lactylation modification, we explored LRGs and their potential biological func-
tions, then constructed a lactylation-related signature that can predict prognosis and therapy response for endome-
trial cancer patients. In particular, the expression level of lactylation-related genes obtained from previously published
studies was first analyzed using TCGA-UCEC cohort. Then 212 lactylation-related DEGs were screened which were
inextricably linked to important pathways in cancers such as pentose phosphate pathway [38] and HIFs and NRF2
signaling [39]. Afterwards we split the entire cohort in half randomly. 35 DEGs were identified to be associated with
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Fig.5 Assessment of the LRGs prognostic signature in EC. A, B Univariate (A) and multivariate (B) Cox analyses of risk score and clinico-
pathologic factors in the entire set. C Clinical prognostic nomogram considering the risk score, age, grade and stage to predict 1-, 3-, and
5-year OS in the entire set. D Calibration curves showing the observed and actual 1-, 3-, and 5-year OS. E DCA showing the clinical benefits
of the nomogram. F ROC curves showing the prognostic accuracy of nomogram
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prognosis in the train set through univariate Cox regression analysis. Then we constructed a 16-gene lactylation-
related prognostic signature through LASSO-COX algorithm. And patients in high-risk group showed a tendency to
be plagued by worse prognosis. Excellent predictive performance of the signature was illustrated by the ROC curve.
We verified the performance of this signature in our validation cohorts, which both showed great robustness and
reliability. Moreover, the risk score as well as stage of endometrial cancer patients was proved to perform as an inde-
pendent prognostic factor. Consequently, a nomogram based on age, stage, grade, and risk score was constructed to
predict 1-, 3-, and 5-year OS for endometrial cancer patients which was considered to be a splendid predictive tool
in clinical since its calibration curve analysis and decision curve analysis (DCA) performed well. In conclusion, our
results support that this signature could accurately predict the prognosis and help make clinical decisions.
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Fig. 7 The investigation of immune factors and clinical treatment in two risk groups. A Correlation between lactylation score and the tumor
microenvironment of EC assessed using the ESTIMATE algorithm. B Bar chart depicting the composition of immune cells in each sample
between two risk groups. C Violin plot illustrating the infiltration levels of different kinds of immune cells. D The expression of 33 immune
checkpoints differs between the high-risk and low-risk groups. E Sensitivity analysis of the high- and low-lactylation-score groups to immu-
notherapy. F Joint survival analysis performed in the high and low-PD1 groups and the high- and low-lactylation-score groups. G Joint sur-
vival analysis performed in the high and low-CTLA4 groups and the high- and low-lactylation-score groups

Tumor microenvironment which encompasses infiltrating immune cells, stromal cells, and vascular cells has been
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Fig.8 Somatic mutation analysis based on the signature. A Waterfall plot of mutation frequencies in the high-lactylation-score group. B Waterfall plot of muta-
tion frequencies in the low-lactylation-score group. € Kaplan-Meier survival curve of the high-tumor-mutation-burden group and the low-tumor-mutation-
burden group. D Joint survival analysis in the high and low-tumor-mutation-burden groups and the high- and low-lactylation-score groups. E, F Differences in
microsatellite instability between two risk groups. G Kaplan-Meier survival curve of the MSI group and the MSS group. H Joint survival analysis in the MSI and
MSS groups and the high- and low-lactylation-score groups
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Fig. 9 Therapy sensitivity between the two risk groups

regarded as an essential mediator of tumor progression [40]. And immune and stromal cells in the TME have been proved
to be associated with progression-free survival of cancer [41]. As a consequence, we explored the association between
TME and the signature. Our findings indicated that a higher proportion of M1 macrophage tended to accompany with
higher lactylation scores. On the contrary, low-risk group showed an quite abundance of CD8+T cells, which might
help improve survival for EC patients [42]. Inmune checkpoint blockade could act as an effective therapeutic strategy
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for tumors, we hence examined immune checkpoint expression in two risk groups for the purpose of predicting immu-
notherapy responses. The results demonstrated that several inhibitory ICls like CTLA-4, PD-1, CD40, and CD27 were all
upregulated with lower level of lactylation. And the response to ICB in both groups showed significant difference that
the responders tended to belong to the low-risk group. Above results supported that the lactylation-related signature
could assist to screen out a specific subset of endometrial patients with better response to immunotherapy. That is
namely immunotherapy is promising for low-risk patients with higher proportion of antitumor immune-infiltrating cells.

Tumor mutational burden (TMB) has been reported to be a vital biomarker measuring the number of somatic muta-
tions in a tumor’s genome and is linked to its response to ICls [43, 44]. To dig deeper into the molecular characteristics of
lactylation in endometrial cancer, we also compared the TMB of each group. In this study, PTEN, which has been verified
to be a suppressor in endometrial cancer through decreasing the activity of phosphoinositide 3-kinase (PI3K) manifested
the most frequent somatic mutations in the low-risk group [45, 46]. Moreover, patients with higher TMB tended to have
a better prognosis, which is concordant with other types of cancers. And the joint analysis of TMB and the lactylation
score indicated that both higher level of lactylation and lower TMB were predictors of poorer prognosis in EC. Microsat-
ellite instability has been identified in different kinds of human tumors that results from dysfunction of DNA mismatch
repair-related genes [47]. We explored the relationship between MSI and lactylation-related signature. And the results
revealed that the high-risk group possessed a lower MSI score. Moreover, patients with a high-risk score and MSS status
had the worst prognosis compared to those in other subgroups. In addition, we compared the predicted effectiveness
of other drugs between the two risk groups using GDSC dataset. We found that low-risk patients were more sensitive to
platinum, tamoxifen, bleomycin, cyclophosphamide, sunitinib and oxaliplatin while high-risk patients were more sensi-
tive to paclitaxel, olaparib and MK.1775.

In conclusion, our study indicated that patients with low lactylation risk scores possessed higher IPS, higher TMB,
higher MSI score, and responded more sensitively to ICls and other drugs, which might explain the improved prognosis
of the low-risk patients.

Nevertheless, there are still some limitations in our study. For one thing, our data were mainly based on TCGA cohorts,
and data from more databases are still needed for validation. For another, our results lack the evidence from experi-
ments in vitro or in vivo and we should conduct functional and mechanistic investigations to better explore the role of
lactylation-related genes in the signature.
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