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Abstract

Background Ulcerative colitis (UC), a chronic relapsing-remitting inflammatory bowel disease. Recent studies have
shown that lactylation modifications may be involved in metabolic-immune interactions in intestinal inflammation
through epigenetic regulation, but their specific mechanisms in UC still require in-depth validation.

Methods We conducted comparative analyses of transcriptomic profiles, immune landscapes, and functional
pathways between UC and normal cohorts. Lactylation-related differentially expressed genes were subjected to
enrichment analysis to delineate their mechanistic roles in UC. Through machine learning algorithms, the diagnostic
model was established. Further elucidating the mechanisms and regulatory network of the model gene in UC were
GSVA, immunological correlation analysis, transcription factor prediction, immunofluorescence, and single-cell
analysis. Lastly, the CMap database and molecular docking technology were used to investigate possible treatment
drugs for UC.

Results Twenty-two lactylation-related differentially expressed genes were identified, predominantly enriched

in actin cytoskeleton organization and JAK-STAT signaling. By utilizing machine learning methods, 3 model genes
(S100A11, IFI16, and HSDL2) were identified. ROC curves from the train and test cohorts illustrate the superior
diagnostic value of our model. Further comprehensive bioinformatics analyses revealed that these three core genes
may be involved in the development of UC by regulating the metabolic and immune microenvironment. Finally,
regorafenib and R-428 were considered as possible agents for the treatment of UC.
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Conclusion This study offers a novel strategy to early UC diagnosis and treatment by thoroughly characterizing

lactylation modifications in UC.
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Introduction

Ulcerative colitis (UC), a chronic relapsing bowel ill-
ness, is typified by fibrosis, mucosal damage, and intes-
tinal inflammation [1]. Abdominal discomfort, weight
loss, and bloody diarrhea are the most typical signs of
UC. In recent years, UC has borne a substantial global
illness burden and a growing incidence across the globe
[2]. Although the precise origin of UC is uncertain,
recent research indicates that immunological responses,
genetic predisposition, and microbial imbalances may all
be involved [3, 4]. The immune system is crucial to the
development and incidence of UC, which mostly shows
up as a dysregulation of the immunological response
to intestinal microbes, resulting in the gastrointestinal
tract’s increasing destruction and poor repair [5]. Cur-
rent therapy approaches are still insufficient, and many
patients do not have lasting remission despite advance-
ments in our knowledge of the pathophysiology of UC.
The need for new biomarkers and treatment targets is
highlighted by the heterogeneity of UC and its intricate
molecular and immunological underpinnings.

The post-translational modification known as lacty-
lation, which adds lactate-derived lactyl groups to lysine
residues, is a crucial regulatory mechanism in cellular
metabolism and gene expression [6]. Protein function
can be altered by lactylation, which also affects a num-
ber of biological functions, such as inflammation and
immunological responses [7, 8]. Recent studies have
demonstrated the significance of lactylation in control-
ling the metabolism and activity of immune cells, point-
ing to a possible involvement in the pathophysiology of
UC. Furthermore, a mouse model of DSS colitis has dem-
onstrated that intestinal inflammation can be reduced by
lactic acid ingestion through gut bacteria [9], whereas
TNBS-induced colitis is prevented by topical lactic acid
treatment [10]. Thus, increased intestinal lactate might
be linked to the development of UC, but its precise role
needs to be further investigated. Additionally, there have
been no reports on the expression and functional roles of
lactylation-related genes in UC.

Recent developments in machine learning and bioin-
formatics have improved our ability to precisely evalu-
ate massive data sets. Key regulatory genes may be
prioritized, hidden patterns in gene expression data can
be found, and prediction models for illness diagnosis and
treatment response can be built using machine learning
methods. In this study, model genes were screened by
machine analysis of multiple datasets to develop a robust
diagnostic model that offered fresh perspectives on the

immunological and metabolic processes that connect lac-
tylation and UC, as well as offered possible biomarkers
and treatment targets for UC intervention in the future.

Methods

Data collection from GEO databases

The three UC datasets in this study were all from the
GEO database. GSE87466 [11] (87 UC and 21 normal
samples) and GSE38713 [12] (30 UC and 13 normal sam-
ples) were combined into the training set, and GSE75214
[13] (97 UC and 11 normal samples) was the validation
set. Then, we acquired 332 lactylation-related genes
from the previous studies [14, 15]. The “ComBat” func-
tion from the “sva” package was then used to adjust for
batch effects [16]. We used principal component analysis
(PCA) to compare the data quality before and after batch
removal in order to evaluate the effectiveness of this
modification [17].

Identifying differentially expressed genes (DEGs) and
lactylation-related genes of UC

The “limma” software was used to identify DEGs between
the normal and UC groups, with an adjusted p value of
less than 0.05 and a threshold of |log2FC| > 0.585 [18].
Gene Set Enrichment Analysis (GSEA) is utilized to com-
pare the biological process activity or pathway enrich-
ment of UC and normal samples [19]. Finally, by using a
Venn diagram to intersect lactylation-related genes and
DEGs, lactylation-related DEGs of UC were discovered.

Functional enrichment analysis

Protein interactions were examined in the STRING
database (https://cn.string-db.org/), with a composite
score of more than 0.15 indicating the scientific validity
of the interactions [20]. A database called GeneMANIA
(https://genemania.org/) has ranked genes according to
their functional tests [21].Functional enrichment studies
were conducted using the Metascape database (https://m
etascape.org/), constructed to provide a comprehensive
resource for annotating and analyzing gene lists to evalu-
ate the biological roles and routes implicated in particu-
lar genes [22].

Identification of UC core lactylation-related genes by
machine learning algorithms

Three machine learning methods were applied to identify
hub genes using a unified input matrix of 151 samples
x 22 DEGs, with binary classification labels (“Control”
vs. “Treat”). LASSO (“glmnet” R package) employed L1
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regularization and cross-validation (nfolds=10) to opti-
mize A.min [23, 24]. RF (“randomForest” R package)
trained 500 trees (ntree=500), adopted out-of-bag error
for optimal tree selection, and filtered genes with impor-
tance>4 [25]. SVM-RFE (“e1071” R package) utilized
recursive feature elimination with 10-fold validation,
selecting the minimal-error feature subset [26]. The core
genes for the subsequent study were then chosen from
the intersections of the three subsets. The “pROC” tool
was used to calculate the ROC curves and evaluate the
model’s predictability [27].

Cell culture and quantitative real-time PCR analysis

The Caco-2 cell line was cultivated in MEM with 1%
penicillin-streptomycin and 20% fetal bovine serum.
The HT-29 cell line was cultivated in McCoy’s 5 A with
1% penicillin-streptomycin and 10% fetal bovine serum.
Caco-2 and HT-29 cells were exposed to lipopolysaccha-
ride (LPS) (1 pg/mL) for 24 h to induce a colitis model,
according to relevant literature [28, 29].

Using the Trizol reagent, total RNA was isolated from
cells and a reverse transcription kit was used to create
cDNA. A fluorescent dye-based assay based on SYBR
Green I was then used to evaluate the target genes’
expression levels. The AACt method was used to assess
and quantify the levels of RNA expression, and the t-test
was used to compare the target gene expression levels
between the two groups. IL-6 primer (forward: GGTGT
TGCCTGCTGCCTTCC; reverse: GTTCTGAAGAGGT
GAGTGGCTGTC), IL-1p primer (forward: GACCTGG
ACCTCTGCCCTCTG; reverse: GCCTGCCTGAAGC
CCTTGC), TNF-a primer (forward: TGGCGTGGAGC
TGAGAGATAACC; reverse: GACGGCGATGCGGCT
GATG), S100A11 primer (forward: CTCGCTCAGCTC
CAACATG; reverse: AGGAACTCTGTCTTGGAGAG),
IFI16 primer (forward: ACTGAGTACAACAAAGCCA
TTTGA; reverse: TTGTGACATTGTCCTGTCCCCAC),
HSDL2 primer (forward: AAGCCACTCAAGCAATCT
ATCTG; reverse: GCTCTCCATATCCGACATTCCC),
and B-actin primer (forward: CCTGGGCATGGAGTCC
TGTG; reverse: TCTTCATTGTGCTGGGTGCC) were
the primers used.

Gene set variation analysis (GSVA) and Immunoinfiltration
analysis

Using the “GSVA” software, enrichment analysis of GO
and KEGG pathways was carried out for model genes
[30]. We examined the immunological microenviron-
mental differences between UC patients and healthy
individuals using the CIBERSORT method, which
determines the percentages of infiltration of 22 dis-
tinct immune cell types. Furthermore, the relationship
between model genes and immune cells was investigated
further, drawing on the findings of CIBERSORT.
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Transcription factor (TF) prediction, cellular localization,
single-cell mapping analysis of hub genes

The hub genes for TFs are predicted using TFTF online
[31] which integrates the five main TF-Target online
tools: hTFtarget [32], ENCODE [33], JASPAR [34],
GTRD [35], and ChIP_Atlas [36]. Meanwhile, the Human
Protein Atlas (HPA: https://www.proteinatlas.org/) was
utilized to examine the hub genes’ immunofluorescence
and single-cell type atlases.

Finding possible small molecule medicines for UC

The CMap database (https://clue.io/) links diseases,
genes, and drugs based on similar or opposing gene
expression profiles [37]. The DEGs of UC were added to
the CMap database in order to identify potential small
molecule medications for the treatment of UC. The
AutoDock tool was then used to determine the hydroge-
nation and charge of the proteins after the protein struc-
tures of the feature genes were obtained from the PDB
database. To find the molecular structure of the active
substance, use the PubChem database. Rotatable bonds
and the charge balance of small molecules are examined
using the AutoDock device. To generate docking energy,
AutoDock Vina runs docking simulations. Lastly, the
PyMol tool was used to analyze the docking complex.

Results

Analysis of DEGs and functional roles in UC

The study was illustrated in the flowchart (Fig. 1). First,
we used the “sva” software tool to integrate two UC data-
sets, and the differences between batches are essentially
removed (Supplementary Fig. 1A-D). Then, UC and
normal samples were subjected to differential expres-
sion analysis in order to uncover potential pathogenic
genes. Supplementary Fig. 1E displays the DEGs of nor-
mal people and UC patients. The CIBERSORT algorithm
was used to assess the proportion of various immune cell
subpopulations infiltrated in each sample. The results
showed that UC patients exhibited higher levels of B cell
memory infiltration, while normal individuals had higher
levels of Tregs (Supplementary Fig. 1F). GSEA enrich-
ment analysis showed that in UC patients, viral protein
interaction with cytokine and cytokine receptor, TNF sig-
naling pathway, and inflammatory bowel disease pathway
were enriched (Fig. 2A-C), while valine, leucine and iso-
leucine degradation, pyruvate metabolism, and butanoate
metabolism were down-regulated (Fig. 2D-F).

Selection and functional enrichment of lactylation-related
DEGs

To identify potential lactylation-related DEGs, we ana-
lyzed their intersection using a Venn diagram. This
approach revealed 22 lactylation-related DEGs (Fig. 3A).
The STRING database screened the DEGs PPI network
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and displayed possible interactions between proteins
represented by similar DEGs (Fig. 3B). Next, in order to
anticipate connections between colocalization, pathways,
shared protein domains, co-expression, and prediction,
we analyzed 22 intersection genes using GeneMANIA.
As shown in Fig. 3C, the network shows that they were
mostly involved in the positive regulation of the actin

cytoskeleton, contractile actin filament bundle, and actin
filament bundle. They were most heavily enriched in
JAK-STAT signaling and actin cytoskeleton organization,
according to functional enrichment analysis based on the
the Metascape database (Fig. 3D).
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Construction of the diagnostic model for UC

Three machine learning models were created using the
22 lactylation-related DEGs to find possible biomark-
ers for the diagnosis of UC. Using LASSO regression,
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nine genes were identified as possible diagnostic mark-
ers (Fig. 4A-B). The SVM algorithm further refined this
list, extracting seventeen candidate biomarkers (Fig. 4C-
D). In the RF algorithm, four genes with importance
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scores greater than 4 were selected for further analysis  Evaluation of the diagnostic model

(Fig. 4E-F). Finally, the Venn diagram was used to inter-  The correlations among the three key genes are illus-
sect these results, and three key genes—S100A11, IFI16, trated in Fig. 5A. Specifically, S100A11 exhibited a
and HSDL2—were highlighted as robust diagnostic bio-  positive correlation with IFI16, whereas HSDL2 was
markers (Fig. 4G). Their location on the chromosome negatively correlated with both S100A11 and IFI16.
was shown in Fig. 4H. Expression analysis revealed that S100A11 and IFI16
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were significantly upregulated, while HSDL2 was down-
regulated in UC patients (Fig. 5B). ROC curve analysis
showed that these three genes had good predictive abil-
ity (Fig. 5C). Notably, the three-gene prediction model
achieved outstanding diagnostic performance, with
an AUC of 0.973 (Fig. 5D). To further substantiate the
model’s accuracy, validation set analysis was conducted,
reaffirming the robustness and diagnostic efficacy of our
three-gene model (Fig. 5E-H).

To further validate the expression levels of the three
model genes in UC, we established cellular models of UC
by stimulating the cell lines Caco-2 and HT-29 with LPS.
As shown in Supplementary Fig. 2A-B, the expression
levels of IL-6, IL-1B and TNF-« in the model group were
significantly higher than those in the control group, indi-
cating that the UC model had been successfully estab-
lished. Subsequently, we assessed the expression levels
of the three model genes in the cell models. The results
showed that the expression of S100A11 and IFI16 was
up-regulated in the UC group while the opposite was
true for HSDL2, which was generally consistent with
the results of bioinformatics analysis (Supplementary
Fig. 2C-D).

GSVA and immune correlation analysis of model genes
Each model gene pathway enrichment difference was
then analyzed using GSVA in order to further investi-
gate the possible processes of the three model genes in
UC. The high S100A11 and IFI16 expression group was
mainly enriched in some metabolism-related processes
and pathways, while the opposite was true for HSDL2
(Supplementary Fig. 3A-F). The connection between the
three model genes and immunological chemicals was
then investigated in further detail. According to the find-
ings, S100A11 primarily had a negative correlation with
T cells CD8 and a positive correlation with neutrophils
and macrophages M1. (Fig. 6A-D). IFI16 was positively
correlated with neutrophils and macrophages MO and
negatively correlated with macrophages M2 (Fig. 6E-H).
In contrast, HSDL2 was negatively correlated with mac-
rophages MO and neutrophils. There was a positive corre-
lation with macrophages M2 (Fig. 6I-L). Figure 6M shows
the relationship between model genes and immune cells
and the strength of the correlation between immune
cells. These results suggest that these three model genes
may work together to play a role in UC by regulating
these metabolic processes and immune cells.

The TFs, Immunofluorescence, and single-cell maps
analysis of hub genes

TFs play a key role in controlling gene expression and
determining the phenotypes of cells and organisms.
Thus, in order to characterize TFs in S100A11, IFI16,
and HSDL2, we integrated five databases (Fig. 7A-C).
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Subsequently, the intersection of them was taken to
obtain two common TFs, CTCF and STAT1, which
may be involved in regulating these three model genes
(Fig. 7D). The cellular location of three model genes
was then investigated. The immunofluorescence analy-
sis revealed distinct subcellular localizations of the tar-
get proteins: SI00A11 was detected in the nucleoplasm,
cytosol, and nuclear speckles; IFI16 was observed in the
nucleoplasm, nucleoli, and cytosol; while HSDL2 showed
exclusive mitochondrial localization. In the represen-
tative immunofluorescence images, the target proteins
are shown in green, microtubules are labeled in red, and
nuclei are counterstained in blue (Fig. 7E-G). Addition-
ally, we used the HPA database to assess their expression
in the colon at the single-cell data level. S100A11 was
mainly distributed in Paneth cells and distal enterocytes
(Fig. 7H). IF116 was mainly distributed in T cells (Fig. 7I).
HSDL2 was mainly distributed in undifferentiated cells
and enteroendocrine cells (Fig. 7]).

Finding possible small-molecule drugs to treat UC
Additionally, we entered the DEGs in UC into the
CMap database for analysis in order to look for pos-
sible medications to treat UC and prevent the disease
from developing. Supplementary Table 1 lists the top 10
smaller-molecule drugs that were anticipated to be prom-
ising medications for the treatment of UC. AutoDock
was used for molecular docking of 10 most sensitive
drugs and 3 model genes. The molecular docking results
of ten drugs and model genes were shown in Supplemen-
tary Table 2. It can be found that regorafenib and R-428
have the best docking effect with the 3 model genes, indi-
cating that they may be potential therapeutic drugs for
patients with UC. The docking fraction of regorafenib
with S100A11 and R-428 with IFI16 and HSDL2 was less
than - 9.0 kcal/mol, indicating that these two drugs have
high binding affinity with target genes and can interact
well with model genes and were most likely to be poten-
tial therapeutic drugs and action targets for UC. The
binding postures and loci of the regorafenib and R-428 to
the model gene with the strongest affinity were shown in
Fig. 8A-C, where red represents the compound and yel-
low dashed lines represent hydrogen bond interactions.

Discussion

UC is a common inflammatory condition affecting the
gastrointestinal tract [38]. While the pathogenesis of
epithelial damage caused by an abnormal inflammatory
reaction is unclear, it has been hypothesized that its etiol-
ogy may be related to factors such as diet, genetics, and
intestinal flora [39, 40]. The incidence and prevalence
of UC have increased globally in recent years due to
changes in the dietary choices and style of living of peo-
ple in emerging nations [41]. However, there are certain
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Fig.6 Immune cell correlation analysis of model genes. (A) Correlations between various immune cell types and STO0A11; Correlation between STO0AT 1
and (B) neutrophils, (C) macrophages M1, (D) CD8T cells; (E) Correlations between various immune cell types and IFI16; Correlation between IFI16 and (F)
neutrophils, (G) macrophages MO, (H) macrophages M2; (I) Correlations between various immune cell types and HSDL2; Correlation between HSDL2 and
(J) macrophages MO, (K) neutrophils, (L) macrophages M2; (M) Analysis of correlation between model genes and immune cells
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Fig. 7 TFs, immunofluorescence, and single-cell mapping analysis of model genes. (A-C) Prediction of TFs for STO0A11, IFI16, and HSDL2 based on dif-
ferent databases; (D) The TFs of the three model genes are taken as intersections; (E-G) The immunofluorescence of ST00A11, IFI16, and HSDL2 based on
the HPA database; (H-J) The single-cell mapping of ST00A11, IFI16, and HSDL2 based on the HPA database

challenges in diagnosing and treating UC because there
aren’t enough reliable diagnostic markers or medication
therapeutic targets. It has been demonstrated that lac-
tylation, a post-translational alteration resulting from
lactate, controls gene expression and protein function,
hence impacting a number of cellular functions [42].
With the growing use of machine learning and integrated
bioinformatics analysis in recent years, we are gaining
important knowledge about complex diseases by iden-
tifying new genes, potential biomarkers, mechanistic
insights, and therapeutic targets from massive data sets
[43, 44]. In order to better understand the molecular
pathogenesis and treatment strategy of UC, we employed
a number of thorough bioinformatics techniques to thor-
oughly analyze the gene sets related to lactylation. This
will also help us come up with ideas for early clinical
screening and intervention of UC, which will improve the
prognosis of this patient population.

Initially, 22 shared genes were identified through a
series of analyses integrating UC and lactylation-related
genes. Functional enrichment analysis revealed that
these genes are primarily enriched in actin cytoskeleton
organization and gene and JAK-STAT signaling pathway.
These findings suggest that these genes may play a crucial
role in lactylation modification in UC, and the identified
enrichment pathways could represent potential patho-
genic mechanisms underlying lactylation in UC. Machine
learning was then used to identify three pattern genes,
among which S100A11 and IFI16 were highly expressed,
while HSDL2 was low in UC patients. This suggests that
S100A11 and IFI16 may be key genes in promoting the
development of UC, while HSDL2 may inhibit the pro-
gression of UC. Additionally, the three-gene prediction
model showed good diagnostic performance, and the
AUC value was 0.973. The results of the validation set
further confirm our findings.
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Fig. 8 Molecular docking experiment. (A) Molecular docking model of regorafenib and S100A11; (B) Molecular docking model of R-428 and IFI16; (C)

Molecular docking model of R-428 and HSDL2

A member of the S100 protein family, SI00A11 affects
cell proliferation, differentiation, and cytokine produc-
tion and is linked to a number of inflammatory and
metabolic disorders [45-48]. Previous research has dem-
onstrated tryptophan metabolism, specifically via the
kynurenine pathway, is essential for controlling and trig-
gering immunological responses in a number of inflam-
matory conditions, including UC [49, 50]. Notably,
S100A11 is closely linked to dysregulation of the trypto-
phan metabolism pathway [51]. Therefore, by modulat-
ing tryptophan metabolism, S100A11 may influence the
progression of UC, potentially serving as a key regula-
tory factor in disease pathogenesis. IFI6 is an interferon-
stimulated protein that plays a pivotal role in immune

regulation. Studies have shown that IFI6 activates the
JAK/STAT signaling pathway, thereby mediating the
immune response to type I interferons and contributing
to the progression of UC [52]. The SDR family member
HSDL2 catalyzes the reduction and oxidation of vita-
mins, carbohydrates, steroids, retinoids, and fatty acids
[53]. Through the alteration of signaling and metabolic
pathways, HSDL2 plays crucial roles in the pathophysiol-
ogy of a number of disorders, including obesity, cancer,
and Alzheimer’s disease [54—56]. Through its ability to
catalyze the metabolism of different amino acids in UC
patients, HSDL2 may prevent the progression of UC.

To further explore the potential functions and molecu-
lar mechanisms of S100A11, IFI16, and HSDL2 in UC, we
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performed GSVA. According to our research, SI00A11 is
predominantly increased in pathways linked to the break-
down of branched-chain amino acids (BCAAs), such as
isoleucine, leucine, and valine. Meanwhile, IFI16 was
found to be enriched in metabolism-related pathways
such as pyruvate. Conversely, HSDL2 is predominantly
downregulated in processes related to amino acid betaine
biosynthesis, histidine metabolism, and the degradation
of valine, leucine, and isoleucine. Previous studies have
established a strong link between UC and altered amino
acid metabolism. UC patients exhibit significantly lower
concentrations of leucine and other BCAAs compared to
healthy individuals [57-60]. Furthermore, UC has been
associated with elevated pyruvate levels and decreased
blood histidine concentrations [60]. Notably, reduced
histidine levels have been identified as a predictor of
acute disease recurrence within six months and one year
[59, 61]. These findings suggest that S100A11, IFI16, and
HSDL2 may contribute to UC pathogenesis by modulat-
ing the metabolism of BCAAs, histidine, and pyruvate.

Immune infiltration analysis further revealed that
S100A11 and IFI16 were positively correlated with neu-
trophils and macrophages MO and M1 and negatively
correlated with macrophage M2, while HSDL2 was the
opposite. One significant characteristic of UC, an auto-
immune illness, is the recurrence of colonic inflam-
mation, which is caused by the recruitment and local
polarization of macrophages to the M1 type, which in
turn causes further inflammation [62]. Macrophages
are essential for both acute and chronic inflammatory
processes. Specifically, overactivated M1-type cells that
release enough proinflammatory chemicals to trigger
inflammatory storms can result in an imbalanced M1/M2
macrophage ratio. In contrast, M2 macrophages function
to resolve inflammation and restore immune homeostasis
[63, 64]. Immune homeostasis is regulated by intestinal
macrophages, which are crucial for both innate and clas-
sical antimicrobial immunity [65]. In UC, a compromised
intestinal barrier results in increased antigen penetration
into the lamina propria, disrupting immune tolerance
and leading to extensive infiltration of proinflammatory
macrophages and neutrophils [66, 67]. Therefore, we
speculated that SI00A11 and IFI16 have an antagonistic
relationship with HSDL2 to regulate the disease progres-
sion of UC by regulating the function of neutrophils and
macrophages.

Finally, drug screening was conducted in order to find
drugs that can effectively treat UC. The results showed
that regorafenib and R-428 had the lowest free binding
energy with the three model genes. Patients with hepato-
cellular carcinoma [68], gastrointestinal stromal tumors
[69], and colorectal cancer [70] are treated with the tyro-
sine kinase inhibitor regorafenib. Numerous targets are
impacted by regorafenib, such as vascular endothelial
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growth factor receptors 1-3, fibroblast growth factor
receptors 1 and 2, and tyrosine kinase 2 with immuno-
globulin-like and epidermal growth factor-like domains
[71]. Furthermore, R-428 is presently being studied for
the treatment of a number of pathologic disorders, such
as mesothelioma, acute myeloid leukemia, melanoma,
and myelodysplastic syndrome. Tyrosine-protein kinase
receptor inhibition is how it works [72]. Although no
previous studies had mentioned regorafenib and R-428 as
drugs for the treatment of UC, their mechanism of action
suggested that regorafenib and R-428 may have a positive
impact on the treatment of UC by regulating immune
response and inhibiting angiogenesis.

While our study pioneers the exploration of lactylation-
related genes in UC through integrated bioinformatics
and machine learning approaches, we acknowledge sev-
eral inherent limitations. Although qPCR validation par-
tially supported our computational findings, the absence
of functional experiments represents a critical constraint.
Future work will focus on elucidating the molecular
mechanisms of model genes in UC through comprehen-
sive in vitro/in vivo studies. Our retrospective design and
limited sample size may affect the generalizability of con-
clusions, necessitating future validation through large-
scale prospective cohorts to confirm clinical relevance.
Nevertheless, these computational insights provide a
valuable foundation for prioritizing targets in subsequent

experimental investigations of lactylation-mediated
pathophysiology in UC.
Conclusion

Our study identified three lactylation-related genes as
promising biomarkers for the diagnosis of UC. Addi-
tionally, our findings suggest that regorafenib and R-428
may serve as potential therapeutic agents for UC. These
findings underscore the critical role lactylation plays in
the development of UC and offer a strong basis for the
creation of targeted diagnostic and treatment approaches
that use these biomarkers to manage UC.
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