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ARTICLE INFO ABSTRACT

Keywords: Background: Lactylation is implicated in various aspects of tumor biology, but its relation to breast
Breast cancer cancer remains poorly understood. This study aimed to explore the roles of the lactylation-related
Lactylation

genes in breast cancer and its association with the tumor microenvironment.

Methods: The expression and mutation patterns of lactylation-related genes were analyzed using
the breast cancer data from The Cancer Genome Atlas (TCGA) database and GSE20685 datasets.
Unsupervised clustering was used to identify two lactylation clusters. A lactylation-related gene
signature was developed and validated using the training and validation cohorts. Immune cell
infiltration and drug response were assessed.

Results: We analyzed the mRNA expression, copy number variations, somatic mutations, and
correlation networks of 22 lactylation-related genes in breast cancer tissues. We identified two
distinct lactylation clusters with different survival outcomes and immune microenvironments. We
further classified the patients into two gene subtypes based on lactylation clusters and identified a
7-gene signature for breast cancer survival prognosis. The prognostic score based on this signature
demonstrated prognostic value and predicted the therapeutic response.

Conclusion: Lactylation-related genes play a critical role in breast cancer by influencing tumor
growth, immune microenvironment, and drug response. This lactylation-related gene signature
may serve as a prognostic marker and a potential therapeutic target for breast cancer.

Gene signature
Prognostic model
Immune infiltration
Drug response

1. Introduction

In 2020, breast cancer became the most prevalent type of cancer worldwide, having surpassed lung cancer in incidence [1]. Despite
the heterogeneity of breast cancer diagnostic and therapeutic strategies, effective approaches to improve recurrence-free survival
(RFS) and overall survival (OS) rates are lacking [2]. Additionally, the resistance of the disease to chemotherapy, radiotherapy, and
endocrine therapy presents a pressing challenge for maintaining survival [3]. Hence, the development of an efficient prognostic model
that aids in selecting appropriate treatment approaches and medications for the management of breast cancer is crucial.

Protein lactylation is a newly discovered post-translational modification of proteins involving the attachment of lactate molecules
to lysine residues that was first reported in 2019 [4]. Protein lactylation is present in numerous human tissues, and it has garnered
significant attention from the scientific community [5-7]. Furthermore, histone lactylation plays a crucial role in various biological
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processes such as glycolysis-related cellular functions [8], macrophage polarization [9], neurodevelopment [10], and regulation of
tumor proliferation [11]. This highlights the importance of understanding protein lactylation and its functions in breast cancer.
Moreover, numerous studies [12-14] have demonstrated the remarkable prognostic potential of lactylation-related genes in liver
cancer and gastric cancer. However, there is currently a lack of scientific inquiry into the potential association between lactylation and
breast cancer oncogenesis, the immune microenvironment, or immunotherapy, as well as models that can be employed to assess the
prognostic significance of lactylation-related genes in breast cancer. Therefore, investigating the physiological and pathological effects
of lactylation is essential. Exploration of lactylation and its potential functions, as well as constructing a predictive model, can lead to
novel diagnostic and therapeutic strategies for breast cancer.

This study aimed to comprehensively analyze the role of lactylation-related genes in the breast cancer tumor microenvironment
(TME) and immunotherapy. To achieve this goal, we performed a detailed assessment of the expression profiles of 22 lactylation-
related genes in patients with breast cancer. Based on these expression levels, the patients were divided into two lactylation clus-
ters, and the differentially expressed genes (DEGs) in these clusters were used to classify the patients into two gene subtypes. In
addition, DEGs with prognostic significance were used to construct a lactylation-related gene signature consisting of seven genes
(RAD51, NEK10, PCP2, IDO1, CASP14, CLSTN2, and IGHG1) and a survival prognostic score was developed. The stability and reli-
ability of the prognostic scores were confirmed in the test cohort. Importantly, this prognostic score proved useful for stratifying
patients into high- and low risk groups to predict OS and the immune landscape in breast cancer [15]. Using the prognostic score, we
accurately predicted the survival prognosis of patients and their response to treatment.
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Fig. 1. Flowchart of the study design. N represents the number of patients and q represents the number of genes.
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2. Materials and methods
2.1. Data acquisition and preprocessing

The overall design and flowchart of the study are shown in Fig. 1. For this study, in order to obtain training samples and validate the
results across different data sets, gene expression profiles and clinical data were compiled from 327 breast cancer tissues available on
the GEO data portal (https://www.ncbi.nlm.nih.gov/geo/) (GSE20685, which has a large number of samples in the data set and
relatively comprehensive clinical follow-up data of patients) and 1118 breast cancer tissues and 113 normal tissues from the TCGA
database (https://portal.gdc.cancer.gov/). In the breast cancer data from TCGA database, survival data were available for 1097 pa-
tients, among whom gene expression data were missing for 3 patients and 1 patient had a negative survival time (—7 years), which was
subsequently excluded from the analysis. A total of 1093 patients had complete survival and gene expression data, among whom 232
died with a median OS of 3.12 years (1.45-6.80). Cheng et al. reported that the 16 lactylation-related genes had an ability to predict the
prognosis of liver cancer [12]. Similarly, Yang et al. found that the 6 lactylation-related genes were significantly associated with the
prognosis of gastric cancer, suggesting that lactylation-related genes were associated with tumor prognosis [13]. Therefore, we chose
those 22 lactylation-related genes (ARID3A, CCNA2, DDX39A, EHMT2, FABP5, G6PD, H2AX, HMGA1, KIF2C, MKI67, PFKP, PKM2,
RACGAPI1, RFC4, STMN1, TKT, EFNA3, VCAN, PLOD2, HBB, NUP50, and STC1) mentioned in these studies for further analysis.

2.2. Construction of lactylation clusters and principal component analysis (PCA)

To identify distinct lactylation patterns in breast cancer, we employed the "ConsensusClusterPlus" R package [16] to perform
consensus classification. The number of clusters was determined by examining the tendency and smoothness of the cumulative dis-
tribution function (CDF) curve. Additionally, PCA was conducted using the "prcomp" function in the "stats" R package developed by the
R Core Team.

2.3. Analysis of clinical characteristics and prognosis of patients in different lactylation clusters

We used the R packages "survival" and "survminer" to perform Kaplan-Meier plot analysis and evaluate the prognostic values of
patients with breast cancer in different lactylation clusters. The study also compared clinical characteristics such as age, stage T, and
stage N among these clusters.

2.4. Gene set variation analysis of different lactylation clusters

We used the R package "GSVA" to perform a gene set variation analysis (GSVA) to identify the biological processes underlying the
unique lactylation patterns observed in the study.

2.5. Estimation of TME in different lactylation clusters

A single-sample gene set enrichment analysis (ssGSEA) algorithm was used to estimate the proportions of 23 human immune cell
subsets present in the TME of different lactylation clusters. We also compared the expression levels of 33 critical immune checkpoints
across clusters.

2.6. Identification, functional analysis, and gene subtype construction of DEGs in different lactylation clusters

We used the "limma" package in R to identify 290 DEGs with a fold-change of 2 and an adjusted p-value <0.05 between different
lactylation clusters. The DEGs were subjected to functional analysis using the "clusterprofiler" R package and a gene set file obtained
from the MSigDB database (https://www.gsea-msigdb.org/gsea/msigdb). Univariate Cox regression analysis was performed on the
DEGs, and 153 genes with significant prognostic value (p < 0.05) were identified for further investigation. Based on these 153 genes, a
consensus classification was performed using the "ConsensusClusterPlus" R package, which divided the patients into two gene
signature subtypes.

2.7. Development of the DEG model and prognostic score

A dataset of 1420 breast cancer samples from the TCGA database and GSE20685 were used, which were divided 1:1 into a training
cohort and a test cohort using the R package "caret" [17] with 710 patients in each group. Univariate Cox regression analysis was
performed on the training cohort to identify lactylation-related DEGs associated with OS (the length of time from the start of a clinical
study or treatment until death from any cause) [18], followed by the LASSO algorithm using the R package "glmnet" to select the most
promising prognostic DEGs. Next, multivariate Cox regression analysis was performed to select independent prognostic DEGs for
breast cancer, from which the prognostic signature was constructed. Finally, the prognostic score which was used in cancer research
[15] was calculated using a formula based on the selected genes as follows:
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Prognostic Score = Z X X p;

i=1

where x; represents the expression data of the prognostic DEGs, q represents the number of the selected genes, f; represents the Cox
regression coefficients after normalization and the prognostic score is calculated as the sum of the product of each variable (x) and its
corresponding coefficient ().

2.8. Independent prognosis analysis of the risk model

To assess the independence of the risk model in the training and test cohorts, we performed univariate and multivariate Cox
regression analyses using the *survival’ R package. The Cox regression analysis was employed to evaluate the impact of specific factors
on survival time, while the Kaplan-Meier method was utilized to estimate the survival function. In both univariate and multivariate
analyses, multiple predictive variables were considered for their impact on survival time. Furthermore, the log-rank test is used to
compare the survival curves between two prognostic groups, and the resulting p-value assesses the significance of this difference. A
nomogram model based on both clinicopathologic characteristics and prognostic score was constructed using the "rms" R package. The
c-index was reported to assess the concordance between the prognostic score and survival.

2.9. Relationship between prognostic score and immune cell infiltration

The proportions of immune cells in the low- and high-risk groups were estimated using the CIBERSORT algorithm. In addition, we
performed Spearman’s rank correlation analysis to explore the potential associations between Prognostic score values and immune-
infiltrating cells.

2.10. Analysis of the immune microenvironment landscape and drug sensitivity

We used the ESTIMATE algorithm to evaluate the abundance of stromal and immune cells. The stromal, immune, and ESTIMATE
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Fig. 2. Landscape of lactylation-related genes in breast cancer. (A) Differential expression of lactylation-related genes in breast cancer compared to
normal tissue. (B) Frequency of CNVs in lactylation-related genes. (C) Analysis of genetic changes of lactylation-related genes. (D) Correlation
network of the 20 lactylation-related genes. CNV, copy number variation.
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scores for breast cancer were calculated using the R package "estimate.” To obtain antitumor drug profiles, we accessed the Genomics
of Drug Sensitivity in the Cancer (GDSC) portal [19] (https://www.cancerrxgene.org/). Spearman’s correlation analysis was per-
formed to determine the correlation between drug sensitivity and prognostic scores. In addition, we used the R package "pRRophetic"
to calculate the half-maximum inhibitory concentration (IC50) for drug sensitivity comparisons.

2.11. Statistical analysis
The analyses were performed using R software. Categorical variables were subjected to Pearson’s chi-squared test, whereas

continuous variables were analyzed using one-way ANOVA, with a p-value of <0.05 indicating statistical significance. OS of patients
with breast cancer was analyzed using Kaplan-Meier analysis. Univariate and multivariate Cox regression analyses were performed to

A B 1.00

o
~
a

W.s” o, |Lactylation

Survival probability
g

mu T T e
, W H " 1 “' ) il N “!'0 ' M}H |
I il H I 1| N| ’ r} Hl | \ M sl B
M I u | | H \ ‘ l m {’ | \ } Hm .
i i St
Il “ ! |||} } } || u »| |{ H Il
L“’ A l’ ‘ ri | m | \ H I |u|| (l \H ‘ V |

Fig. 3. Identification of lactylation clusters in breast cancer. (A) PCA of the two clusters. (B) Comparison of OS between the two clusters. (C)
Heatmap for the correlation between clinicopathologic features and the two lactylation clusters. CDF, cumulative distribution function; PCA,
principal component analysis; OS, overall survival.
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identify the independent prognostic factors and clinical characteristics that differed significantly between the patient groups. Dif-
ferences in immune cell infiltration were assessed using the Mann-Whitney U test.

3. Results
3.1. Identification of lactylation-related genes

We used the "limma" package to examine the mRNA expression of lactylation-related genes based on TCGA data, which included
113 normal tissues and 1118 breast cancer tissues. Our analysis revealed that ARID3A, CCNA2, DDX39A, EHMT2, G6PD, H2AX,
HMGAI1, KIF2C, MKI67, RACGAP1, RFC4, STMN1, EFNA3, VCAN, and NUP50 were significantly upregulated in breast cancer tissues
compared to normal tissues, as shown in Fig. 2A. The expression levels of FABP5, TKT, and HBB were significantly decreased in breast
cancer tissues. These results provide novel insights into the differential expression of lactylation-related genes in breast cancer tissues
and suggest their potential as diagnostic or therapeutic targets for this disease.

We also investigated the copy number variations (CNVs) of 22 lactylation-related genes in breast cancer to explore how these
lactylation-related genes are altered on chromosomes and where they are located. Our analysis revealed that EFNA3 was the most
significantly altered “gain” gene, located on chromosome 1, whereas STMN1 was mainly "loss" and located on chromosome 1 too
(Fig. 2B-S1). We examined the frequency of somatic mutations in these 22 lactylation-related genes and found that 66 (6.66 %) of 991
breast cancer samples had mutations. Specifically, VCAN had the highest mutation frequency, followed by MKI67, PFKP, and CCNA2,
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whereas the other lactylation-related genes did not show significant mutations (Fig. 2C).

We also constructed a correlation network using 20 lactylation-related genes (H2AX and PKM2 were not included in TCGA or
GSE20685 datasets), as shown in Fig. 2D. In this network, the red lines indicate positive correlations between lactylation-related genes,
whereas the blue lines indicate negative correlations. In addition, univariate Cox regression analysis revealed significant differences in
OS between patients with high and low lactylation-related gene expression (Table S1). Specifically, almost all lactylation-related genes
were identified as "risk" factors.

3.2. Identification of lactylation clusters in breast cancer

To further investigate the expression patterns of lactylation-related genes involved in breast cancer tumorigenesis, we integrated
the breast cancer data from TCGA database and GSE20685 into the TCGA-GSE cohort (N = 1420). Using the R package Consensu-
sClusterPlus, we performed unsupervised clustering analysis and selected k = 2 based on the empirical CDF plots. These plots show that
k = 2 had the highest within-group correlations and the lowest between-group correlations compared to other values (Figs. S1 and S2).
Two distinct lactylation-related gene expression patterns, lactylation clusters A and B, were observed. Furthermore, patients with
breast cancer in the TCGA-GSE cohort were completely separated (Fig. 3A). To evaluate survival outcomes, we performed
Kaplan-Meier (K-M) survival analysis for the two clusters. This analysis revealed poor OS in patients in cluster B (Fig. 3B). Finally, we
examined the clinical and pathological characteristics of both breast cancer clusters and lactylation-related gene expression levels
(Fig. 3Q).

3.3. Characteristics of the TME related to lactylation clusters of breast cancer

To comprehensively analyze the role of lactylation-related genes in breast cancer TME, we performed GSVA enrichment analysis.
As shown in Fig. 4A, cluster B was significantly enriched in various pathways and processes, including progesterone-mediated oocyte
maturation, cell cycle, and oocyte meiosis. Furthermore, using ssGSEA, we observed significant differences in the infiltration of

A 3 - B o B s e e 1] C 1.00
Ce
— ellycle L .
E— Oocyte meiosis ®
<)
o a1 y Motor proteins Y e
< __ Cellular senescence | [ ] =
ot of o R , 3
ot TR0 — - e Ficlion o . ]
latic i JFRBEA Human T-cell leukemia ount
T eparton | I k virus 1 infection ° @ 20_50
cvomosomal rogon | N MicroRNAS in cancer ° - = i
condensed chromosome | [N [ ' i
chromosame, centrom 1 e P53 signaling pathway- [ ] [ El S . T
1 Chemical carcinogenesis 5 [ i
““““““ ] ol oo —receptor activation ° o @ 025 ! !
<| E— ‘N Fanconi anemia pathway| @ o p<0.001 ' '
1 SoE PPAR signaling pathway{ @ i [ !
. [ 1 IL-17 signaling pathway | @ X 1
Lo Viralprotein inferaction vith | g oot 0.00 ' '
[ cytokine and cytokine receptor ) 3 7 s 8 10 12 14 16 18 20 22 24
-_ Small cell lung cancer{ @ Time(years)
- Prostate cancer{ @ i
] 3 Number at risk
— Homologous recombination|{ @ 7
— ] Bladder cancer| @ 3 Afoss 638 430 306 194 99 3} 12 7 5 3 2 O
[ ol @ 51435 265 182 135 81 43 12 4 4 4 3 1 0
Nitrogen metabolism { ® e
n 505, 010 05 00 025 % 0 2 4 6 8 10 12 14 16 18 20 22 24
* ot Eu GeneRatio Time(years)
D BB B B 5 E
VB S s geneCluster E3 A £5 B
trrrrrox
N T R T i T T I I
[ ]
P
.
i Ll i
5 [ H o
z 8 s § e . L | .
0
8 H n r |
& - [ ks
2 ‘ (=) m|
[} . | H
g 4 . . : 4 | ‘
: B o 3 H
e !
H
i ] ¢
o e PR .
0 H
N
FF LI L FEEESES ESL ST ELE
L EFE X O E N R S

Fig. 5. Identification of gene subtypes based on lactylation clusters of breast cancer. GO (A) and KEGG (B) enrichment analyses of DEGs among the
two lactylation clusters. (C) OS of the two gene subtypes. (D) Heatmap for the connections between clinicopathologic features and the two gene
subtypes. (E) Differences in the expression of 20 lactylation-related genes among the two gene subtypes. GO, Gene Ontology; KEGG, Kyoto
Encyclopedia of Genes and Genomes; DEGs, differentially expressed genes.



Y. Jiao et al.

Heliyon 10 (2024) e24777

different innate immune cell populations between lactylation clusters A and B (Fig. 4B). We also evaluated the expression of 32 im-
mune checkpoints in the two clusters and found that the expression of most genes related to immune checkpoints (BTLA, CD27, CD274,
CD276, CD28, CD80, CTLA4, ICOS, IDO1, IDO2, KIR3DL1, LAG3, LGALS9, PDCD1, HAVCRZ2, TIGIT, TNFRSF9, TNFSF14, and TNFSF4)
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was high in cluster B, whereas CD44, NRP1, and TNFRSF14 were highly expressed in cluster A (Fig. 4C). Based on the results, we
identified two clusters characterized by distinct immunological and metabolic features, suggesting that lactylation may influence the
immune microenvironment and metabolic processes involved in breast cancer progression.

3.4. Identifying gene subtypes based on breast cancer lactation clusters

Subsequently, we identified 290 lactylation cluster-related DEGs by further analysis using the "limma" package to explore the
distinct biological behaviors of each cluster (see Table S2). First, functional enrichment, Gene Ontology (GO), and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway analyses were performed for the lactylation cluster-related DEGs (Fig. 5A and B, and Tables S3
and S4). Subsequently, univariate Cox regression analysis was used to identify 153 genes with significant prognostic value (p < 0.05)
for further investigation (Table S5). Furthermore, a consensus approach was used to classify the patients into two gene subtypes based
on 153 prognostic genes (Fig. S2). As shown in Fig. 5C, patients belonging to subtype B had the most favorable OS, whereas those
belonging to cluster A had the poorest OS (p < 0.001). A comparison of the clinicopathological characteristics and expression of DEGs
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between the two gene subtypes is shown in a heatmap (Fig. 5D). Finally, we observed the differential expression patterns of lactylation-
related genes between the two gene subtypes (Fig. 5E).

3.5. Development and validation of the lactylation-related DEG signature and prognostic score

To investigate the mechanisms underlying breast cancer progression, we selected 16 prognostic subtype-related genes identified by
Lasso-penalized Cox regression analysis (Fig. 6A and B). The final risk score was based on seven prognostic subtype-related gene
signatures. The correlation coefficients are listed in Supplementary Table S6. The prognostic score was calculated based on the
expression levels of these genes as follows:
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The concordance between the prognostic score and survival is highly favorable, as evidenced by a c-index of 0.652. To understand
the characteristics of patients with different prognostic scores, we divided the breast cancer training cohort into high and low prog-
nostic scores based on the median prognostic score. A scatter plot was created to visualize the distribution of patients within lactylation
clusters, gene clusters, and prognostic scores (Fig. 6C and D). Cluster B had significantly higher prognostic scores than cluster A, and
the lactylation cluster B had higher prognostic scores than cluster A. The alluvial plot shows the distribution of patients with breast
cancer within the two lactylation clusters, two gene clusters, and two prognostic score groups (Fig. 6E). There were also significant
differences in the expression of lactylation-related genes between the high and low prognostic score groups (Fig. 6F). Kaplan-Meier
analysis confirmed a worse prognosis in the high prognostic score group than in the low prognostic score group (Fig. 6G). In addition,
time-dependent receiver operating characteristic (ROC) analysis showed that the lactylation-related DEG signature had good pre-
dictive ability for 3-year, 5-year, and 10-year survival (Fig. 6H), which was further verified in the test cohort (Fig. S3). Additionally,
patients in the high prognostic score group had a higher probability of death, as shown in the survival distribution plot (Fig. 6I). The
heat map shows the expression of the seven genes in relation to the prognostic score (Fig. 6J).

3.6. Immune activity and tumor mutation burden (TMB) analysis with different prognostic scores

The immune microenvironment plays a crucial role in tumorigenesis and response to immunotherapy. Therefore, our study aimed
to investigate the TME landscape of patients with breast cancer categorized into high- and low-risk groups. Initially, we observed a
strong association between the prognostic score and infiltration of multiple immune cells (Fig. 7A). As the prognostic score increased,
there was a gradual rise in the proportion of macrophage MO cells (Fig. 7B-S4) with a correlation coefficient of 0.32 (R = 0.32). These
findings suggest that MO macrophages may be a significant contributing factor to the unfavorable prognosis observed in patients with
breast cancer [20]. Additionally, by examining the expression profile, we estimated the stromal and immune scores for both the high-
and low-risk groups (Fig. 7C). Furthermore, we analyzed the 20 most common gene mutations in these groups and observed higher
PIK3CA mutation rates in the low-risk group than in the high-risk group, whereas TP53 expression exhibited the opposite trend (Fig. 7D
and E). Moreover, there was a notable positive correlation between the prognostic score and TMB, which was significantly higher in
the high-risk group than in the low-risk group (Fig. 7F and G). Furthermore, as the prognostic score increased, tumor cell stemness
showed an upward trend (Fig. 7H).

3.7. Prediction of anticancer therapy response in high- and low prognostic score groups in breast cancer

We assessed the responses of the high and low prognostic score groups to both conventional and innovative anticancer agents. The
low prognostic score group displayed increased sensitivity to bexarotene, axitinib, bosutinib, shikonin, cytarabine, temsirolimus,
gemcitabine, zmatinib, lenalidomide, metformin, nilotinib, vorinostat, sorafenib, and tipifarnib. Conversely, the high prognostic score
group exhibited a greater responsiveness to paclitaxel, docetaxel, and cisplatin (Fig. 8). These results suggest that the prognostic score
has the potential to serve as a predictor of anticancer therapy sensitivity, indicating that targeted small-molecule inhibitors may be
more suitable for low-risk patients, whereas chemotherapy may be more appropriate for high-risk patients.

4. Discussion

Recently, increasing evidence has highlighted the various roles of lactate in tumor biology. Lactate not only serves as an important
source of nutrients for tumor cells but also contributes to tumor growth, proliferation, metastasis, drug resistance, and immune
suppression. For example, it can create an acidic immune microenvironment and increase the expression of proteins that confer tumor
resistance [21,22]. Lactate also plays a significant role in epigenetic modifications by influencing macrophage polarization via histone
lactylation [4]. Consequently, the role of lactylation in tumorigenesis and cancer progression has become an area of growing interest.
However, few studies have explored the relationship between lactation and breast cancer. Therefore, comprehensive studies in this
field are crucial.

In our study, we first summarized the expression and mutation patterns of lactylation-related genes based on the breast cancer data
from TCGA database and GSE20685 datasets. Although the global mutation rate was only 6.66 %, most lactylation-related genes
exhibited significant differences in expression and prognosis when comparing breast cancer and normal samples. Using an unsuper-
vised clustering algorithm, we divided the patients with breast cancer into two lactylation clusters: clusters A and B. Patients in cluster
B demonstrated more advanced clinicopathological characteristics and worse OS than those in cluster A. Examination of the TME
revealed that cluster B was enriched with a large number of immune cells and important immune checkpoints. This indicates a close
association between these clusters and the TME in breast cancer, suggesting that lactylation-related genes play a critical role in im-
mune regulation within breast cancer.

We identified two gene subtypes based on the DEGs of the two lactylation clusters. To further investigate the role of lactylation in
breast cancer progression and TME, we developed a lactylation-related DEG signature and calculated the prognostic score using seven
prognostic genes (RAD51, NEK10, PCP2, IDO1, CASP14, CLSTN2, and IGHGI).

RAD51 is involved in homologous DNA recombination and repair. Its suppression sensitizes cancer cells to DNA-damaging drugs,
whereas high levels promote resistance and metastasis in triple-negative breast cancer (TNBC) [23]. RAD51 is a potential therapeutic
target in TNBC. NEK10, a NIMA-related kinase, that regulates cell cycle progression. It also promotes MEK1 activation, leading to
G2/M phase arrest and ERK1/2 phosphorylation. NEK10 knockdown inhibits MEK1 and ERK1/2 phosphorylation. NEK10 is highly
expressed in luminal breast cancer tissues, correlating with the tumor stage and indicating improved survival outcomes [24]. IDO1
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encodes the indoleamine 2,3-dioxygenase (IDO) enzyme, which contributes to the immunosuppressive TME when expressed at higher
levels [25]. CASP14 belongs to the caspase family and is involved in apoptosis. Caspase activation is essential for cell death. High
CASP14 expression in breast cancer, particularly triple-negative breast cancer, is associated with aggressive phenotypes and poor
survival outcomes [26]. Overexpression of IgG1l heavy chain (IGHG1) is associated with poor survival in breast cancer. Silencing
IGHG1 decreases the viability, invasion, proliferation, and epithelial-mesenchymal transition of breast cancer cells and promotes
apoptosis. Additionally, IGHG1 silencing enhances the sensitivity of breast cancer cells to paclitaxel and cisplatin. Activation of the
AKT pathway by IGHGI contributes to the malignant progression of breast cancer. Therefore, targeting IGHG1 may be a promising
therapeutic strategy for breast cancer [27]. We validated the expression of these prognosis-related genes encoding proteins in normal
and breast cancer tissues using the ualcan database. Among them, RAD51, PCP2, IDO1, CASP14, and IGHGI1 exhibited significant
differences in expression between breast cancer and normal breast tissues (Fig. S5), suggesting their important roles in breast cancer
development.

Additionally, we validated the signature and prognostic scores in the testing cohorts, and patients with high prognostic scores
exhibited a worse prognosis. We created a quantitative nomogram based on prognostic score and tumor stage to aid in the prognostic
stratification of patients with breast cancer and to potentially guide clinical decisions.

Tumorigenesis is attributed not only to genetic abnormalities but also to immune dysregulation. Disruption of the immune function
and abnormal immune factors can impair immune surveillance, thereby promoting the initiation and progression of malignant tumors
[28]. It is important to note that the TME plays a critical role in tumor metastasis and can influence the efficacy of targeted therapies.
To explore the immune cell landscape across different risk subtypes, we analyzed the relationship between 22 immune cell types and
the prognostic scores. In the high-risk group with poor survival, we observed a significant increase in MO macrophage infiltration,
suggesting their crucial role in breast cancer progression. Furthermore, we found that each of the seven risk genes correlated with the
level of MO macrophage infiltration, with CASP14 showing the highest correlation. This indicated a potential association between
CASP14 and MO macrophages, which is an interesting direction for further research. We also analyzed the expression levels of these
prognosis-related genes in different cell types using the TISCH database. Among them, CASP14 and PCP2 showed significantly
increased expression in breast cancer tissues, while IDO1 exhibited abundant expression in mono/macro cells. RAD51 exhibited
upregulation in Tprolif cells (Fig. S6), suggesting the important roles of these genes in immune regulation. Moreover, patients with
different prognostic scores exhibited significantly different responses to antitumor drugs, with those with low prognostic scores being
more sensitive to targeted small-molecule inhibitors, whereas patients with high prognostic scores were more suitable for
chemotherapy.

To the best of our knowledge, this is the first study to investigate lactylation-related genes as prognostic signatures of breast cancer.
However, our study has certain limitations. First, the results need to be further validated by analyzing clinical samples and experi-
mental data, which will provide more substantial support for the conclusions of this study. Second, the biological functions and
mechanisms of the seven risk genes involved in breast cancer progression require further investigation. Despite these limitations, our
findings shed light on potential prognostic markers and therapeutic targets for breast cancer, paving the way for future studies.

5. Conclusion

In summary, our study identified 22 lactylation-related genes associated with the prognosis of patients with breast cancer. Using
these genes, we successfully classified patients into two distinct subtypes and developed a prognostic signature based on seven of these
genes, which accurately predicted patient outcomes. Furthermore, our analysis uncovered potential drug targets for high-risk patients
and provided insights into the tumor immune microenvironment. Our findings suggest that incorporating lactylation-related gene-
based scores into clinical practice could be a valuable tool for the prognostic prediction of breast cancer. However, further studies are
necessary to validate our findings and investigate the underlying mechanisms by which these genes contribute to breast cancer
progression.
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