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Background: Lactylation has emerged as a novel post-translational modification, and genes linked to both lactylation and macro
phage polarization may play a role in inflammatory bowel disease (IBD). However, the connection between these genes and TNF-α 
inhibitor response in IBD remained unclear.
Methods: This study used bioinformatic tools including weighted gene co-expression network analysis (WGCNA), immune 
infiltration analysis, and machine learning algorithms to identify correlations between lactylation and macrophage-related genes and 
TNF-α inhibitor response in IBD.
Results: Significant differential expression of MNDA, CALD1, RECQL, and RBM10 was identified between the remission and non- 
remission groups in the pre-treatment data. Based on these findings, we established a predictive model for TNF-α inhibitor response, 
achieving an ROC performance with training AUC reaching 0.894 and validation AUC reaching 0.883. Furthermore, MNDA, 
LGALS1, ZYX, ADAR, and WAS were significantly elevated in the non-remission group 4–6 weeks after initial treatment. 
Immune infiltration analysis further indicated strong correlations between hub genes expression and immune cell proportions. In 
addition, GSEA identified signaling pathways associated with TNF-α inhibitor response. To validate these observations, TNF-α 
inhibitor was administered to mice with TNBS-induced colitis, and the expression of hub genes was confirmed by RT-qPCR. 
Importantly, combination therapy with lactate supplementation enhanced the efficacy of TNF-α inhibitor treatment compared with 
monotherapy. Finally, analysis of lactylation levels indicated intergroup differences associated with TNF-α inhibitor treatment in IBD.
Conclusion: Overall, we identified lactylation and macrophage-related genes as potential biomarkers for TNF-α inhibitor response. 
Lactate supplementation was found to enhance the efficacy of TNF-α inhibitor based on animal experimental validation. Nevertheless, 
the findings were based on secondary analyses of public datasets, and the animal experiments remained preliminary. Further studies 
should be conducted to validate these findings and explore the molecular pathways involved.
Keywords: inflammatory bowel disease, TNF-α inhibitor, lactylation-related genes, macrophage polarization-related genes, treatment 
response

Introduction
Inflammatory bowel disease (IBD) refers to a group of long-term, nonspecific inflammatory conditions of the gastrointestinal 
tract, encompassing Crohn’s disease (CD) and ulcerative colitis (UC).1,2 While the exact etiology remains unclear, research 
has indicated that genetic predisposition, immune system abnormalities, and environmental factors might be involved in the 
pathogenesis.3 IBD is usually a lifelong condition involving alternating periods of inflammation and remission.4 This 
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recurrent disease course can affect patients’ quality of life to varying degrees, and in severe cases may lead to complications 
such as intestinal perforation, strictures, or malignancy, which may even require surgical treatment.5

The most commonly used conventional therapeutic agents for IBD treatment are 5-aminosalicylic acid (5-ASA) and 
glucocorticoids, yet of which the remission rates and side-effect profiles are often unsatisfactory.6 While biologics have 
significantly improved the inflammatory state and overall quality of life of patients with IBD, a subset of patients remains 
non-responsive to these therapies, meaning they do not benefit from biologics.7 Thus, exploring the phenomenon of non- 
response to biologics in IBD patients and the potential mechanism of occurrence was increasingly important, as is 
exploring ways to improve response to biologics.

Tumor necrosis factor-alpha (TNF-α) inhibitor is the first class of biologics approved for IBD treatment. Despite the 
significant improvement in patients’ inflammatory state, around one-third of patients exhibited primary non-response to 
TNF-α inhibitor, and almost 50% of early responders developed secondary resistance within 12 months.8 It has been 
reported that the mechanism of response to TNF-α inhibitor was associated with anti-drug antibodies development,9 but 
the exact mechanisms underlying this process remain unclear and require further investigation.

The concept of lactylation modification originated from the first report of histone lactylation modification in 
macrophages by Zhang et al in 2019.10 Since then, subsequent studies have identified lactylation as being associated 
with the development and metastasis of diverse cancers.11,12 In 2024, Hu et al further reported that lactylation was also 
closely linked to inflammatory processes, involving macrophages, as well as to mechanisms related to TLR and the PI3K/ 
Akt signaling pathways.13,14 The relationship between lactylation and tumor or inflammatory disease progression has 
received increasing attention. Lactylation-related genes, identified through previous studies,10,15–17 have been reported to 
be associated with the metabolic and immune microenvironment of IBD.18,19

Monocytes circulating in the blood can develop into M0-type macrophages, which serve as essential components of the 
immune system. In response to different microenvironmental stimuli, M0 macrophages can further polarize into M1 or M2 
subtypes. The M1 subtype primarily exerts pro-inflammatory effects, whereas the M2 subtype is mainly involved in anti- 
inflammatory responses and tissue repair.20 IBD is characterized by recurrent episodes of active inflammation and periods of 
remission. Studies have shown that during the active phase of IBD, macrophages tend to polarize towards the M1 subtype. Both 
in vivo and in vitro studies have demonstrated that macrophages promote M1 polarization through specific signaling pathways, 
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thereby exacerbating inflammation and promoting disease activity in IBD patients. Therefore, macrophage polarization plays 
a crucial role in the progression of IBD.21

Recent studies have reported that lactylation modification influences disease states by regulating macrophage polarization.22 

Based on this, we recognized a potential connection among lactylation-related genes, macrophage polarization-related genes, and 
IBD. However, the relationship between these genes and the TNF-α inhibitor response in IBD remains unclear. In this research, 
we integrated differential gene expression analysis, WGCNA, machine learning approaches, GSEA, and immune infiltration 
analysis, to identify biomarkers associated with TNF-α inhibitor response in IBD and to explore potential mechanisms under
lying treatment non-response. Additionally, we constructed a transcription factor (TF)–microRNA–mRNA regulatory network 
based on hub genes. Finally, to validate our bioinformatics findings and to further investigate potential strategies for enhancing 
response to TNF-α inhibitor therapy, we established a TNBS-induced colitis mouse model and administered oral lactate 
alongside TNF-α inhibitor treatment. This enabled us to evaluate the effect of exogenous lactate on enhancing the efficacy of 
TNF-α inhibitor therapy in IBD.

Materials and Methods
Data Acquisition
Datasets
We obtained the datasets related to TNF-α inhibitor therapy in patients with IBD from the Gene Expression Omnibus 
database (GEO). GSE16879 was utilized for model training, while GSE73661 served as the validation dataset. Both 
datasets included gene expression microarray data collected before first infusion and 4–6 weeks after first infusion. 
Detailed characteristics were provided in Supplementary Table 1. Samples from patients with UC and CD, both forms of 
IBD, were analyzed together. Gene expression data were normalized using normalizeBetweenArrays function in the 
limma package and log2-transformation was applied.

Lactylation-Related Genes
In this study, we referred to previously published literature and included lactylation-related genes.15–17 Detailed 
information was provided in Supplementary Table 2.

Macrophage Polarization-Related Genes
We obtained 9959 genes related to macrophage polarization from the GeneCards database (https://www.genecards.org/). 
Further details could be found in Supplementary Table 3.

Differential Expression Analysis
Differential gene expression analysis was conducted utilizing the “limma” package in R to compare the TNF-α inhibitor 
remission group and the non-remission group, and p-values were adjusted for multiple testing by controlling the false 
discovery rate (FDR) using the Benjamini-Hochberg method. Differentially expressed genes (DEGs) were visualized 
through the application of volcano plots.

WGCNA
WGCNA was performed to pinpoint significant gene modules. First, the input data were normalized using the limma 
package, and the soft-thresholding power (β) was determined as 5 for the pre-treatment data and 6 for the data collected 
4–6 weeks after the initial treatment. Next, a weighted network was constructed using the “WGCNA” package, followed 
by hierarchical clustering to identify the gene modules. The obtained modules were then correlated with treatment 
response characteristics to identify the most relevant ones. Finally, genes from the module most strongly associated with 
treatment response were selected for further analysis.

Identification of Common Genes
Based on the DEGs and the key module genes identified by WGCNA, we first merged the two sets to obtain a combined 
gene set. We then intersected the combined set with lactylation-related genes and macrophage polarization–related genes, 
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and defined the overlapping genes as common genes. These common genes might be involved in the therapeutic response 
to TNF-α inhibitor in IBD, while also being linked to lactylation and macrophage polarization.

Machine Learning
We applied three machine learning algorithms (LASSO, SVM, and Random Forest) to further select hub genes from the common 
genes. Hub genes were identified as the overlapping genes from three machine learning approaches, visualized via Venn 
diagrams. To ensure reproducibility, random seeds were set for each machine learning algorithm (pre-treatment: Random Forest 
= 1111, LASSO = 111111, SVM = 2222; 4–6 weeks after the initial treatment: Random Forest = 222, LASSO = 1111, SVM = 
1111). Machine learning algorithms were conducted using distinct validation strategies. The LASSO model was trained with 10- 
fold cross-validation to select the optimal λ and reduce overfitting risk, yielding values of 0.0379 for the pre-treatment data and 
0.0113 for the data collected 4–6 weeks after the initial treatment. Feature selection was further performed with the Random 
Forest algorithm using leave-group-out cross-validation (LGOCV) repeated 10 times to obtain reliable accuracy estimates, while 
SVM algorithm employed a 5-fold cross-validation strategy to assess model performance and ensure reliable feature selection.

Hub Genes Validation
Based upon the recognized hub genes, we utilized data from both internal and external sources to generate box plots and 
Receiver Operating Characteristic (ROC) Curve. The Area Under the Curve (AUC) was then calculated to evaluate the 
potential value of the hub genes as biomarkers.

Construction of a Nomogram
Using logistic regression, we developed a predictive model based on the pre-treatment expression level of hub genes to 
forecast the response to TNF-α inhibitor. We constructed a nomogram alongside a calibration curve to evaluate the 
accuracy and reliability of the model, and conducted the Hosmer-Lemeshow (H-L) test.

Immune Infiltration Analysis
Using gene expression profiles from both pre-treatment and 4–6 weeks after the initial treatment, we conducted immune 
infiltration analysis using the CIBERSORT method. We calculated and visualized the proportions of 22 immune cell 
types across different samples using box plots and bar charts. Additionally, a Pearson correlation analysis was performed 
to assess the relationship between hub genes and immune cell composition.

Gene Set Enrichment Analysis (GSEA)
To explore the key pathways mediating the impact of hub genes on the response to TNF-α inhibitor, we performed GSEA 
using the “clusterProfiler” package. Enrichment plots were generated to visualize these pathways, with each pathway 
annotated for Normalized Enrichment Score (NES), P-value, and Adjusted P-value.

TF–microRNA–mRNA Regulatory Network Construction
We predicted microRNAs corresponding to the hub genes using the starBase Database.23 Next, transcription factors that 
regulated these microRNAs were identified using the TransmiR v3.0 Database.24 In parallel, transcription factors 
associated with hub genes were identified through analysis with the Network Analyst Database.25 The transcription 
factors regulating both microRNAs and hub genes were identified as their shared transcription factors. Based on these 
findings, we constructed the TF–microRNA–mRNA regulatory network.

Prediction of Potential Targets for Lactate in Modulating TNF-α Inhibitor Response
Potential locate targets of lactate were predicted using the SwissTargetPrediction, SuperPred, and Similarity Ensemble 
Approach Databases.26–28 These targets were then integrated with the key pathways identified in the GSEA that were 
associated with TNF-α inhibitor response. Selecting targets related to these pathways enabled the construction of a hub 
genes–pathways–drug targets network to investigate the underlying pathways through which lactate affects TNF-α 
inhibitor efficacy.
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Animal Model Construction
BALB/c mice (female, 7–8 weeks old, SPF grade) were acquired from Jiangsu Huachuang sino Pharma Tech Co. Ltd (license: 
SCXK (Jiangsu) 2020–0009) and acclimated for one week before the experiment commenced. The animal study received 
approval from the Ethics Committee of the First Affiliated Hospital of Guangxi Medical University (No.2025-E0308) and was 
conducted in accordance with the ARRIVE guidelines. Mice were randomly assigned into four groups (n = 6 per group): control 
group, IBD group, TNF-α inhibitor group, and lactate combined with TNF-α inhibitor group. Randomization was performed 
using a computer-generated random number sequence to minimize selection bias. IBD was induced using a TNBS 
(2,4,6-Trinitrobenzenesulfonic acid) enema. The mice were pre-sensitized with a 150 µL of a 1% (wt/v) solution of TNBS in 
a mixture of olive oil and acetone. Seven days later, they received an intrarectal administration of a 2.5% (wt/v) TNBS solution 
in a 1:1 ethanol–water mixture following 24 hours of fasting. The normal control group underwent the same fasting procedure, 
but received an equivalent amount of phosphate-buffered saline (PBS) instead. The TNF-α inhibitor group and the lactate 
combined TNF-α inhibitor group received 10 mg/kg of TNF-α inhibitor (MedChemExpress, 170277–31-3, USA) via intraper
itoneal injection three times per week after the TNBS enema.29 The control and IBD groups were injected with an equal volume 
of normal saline. Seven days prior to the TNBS enema, the lactate combined TNF-α inhibitor group received drinking water 
supplemented with 30 mM L-lactate until the end of the experiment. The other groups received orally administered autoclaved 
water as a control.30 To reduce observer bias, sample collection and subsequent analyses were performed by investigators 
blinded to the group allocation. All mice were euthanized under anesthesia 7 days after enema, and samples were collected for 
subsequent experimental procedures. Visual representation of the procedure was shown in Supplementary Figure 1.

Reverse Transcription-Quantitative Polymerase Chain Reaction (RT-qPCR)
In order to verify the expression of hub genes, we homogenized mouse colon tissue and extracted the total RNA using the 
TRIzol method. Subsequently, a reverse transcription kit was employed to convert RNA into cDNA. Quantitative 
fluorescence analysis of hub gene expression was performed using SYBR Green dye, with GAPDH as the housekeeping 
gene. The primer sequences used in RT-qPCR are provided in Supplementary Table 4.

Western Blot
We lysed animal tissue using RIPA buffer containing protease inhibitors. Protein concentration was determined using the BCA 
method. The protein samples were denatured by boiling for 10 minutes at 100°C, after which loading buffer was added to the 
lysate at a ratio of 1:4. Equal amounts of protein were loaded onto a 4–20% polyacrylamide gel for sodium dodecyl sulfate- 
polyacrylamide gel electrophoresis (SDS-PAGE) separation, followed by transfer onto a polyvinylidene difluoride (PVDF) 
membranes. The membrane was blocked with 5% non-fat milk in Tris-buffered saline with Tween-20 (TBST) for one hour at 
room temperature, then washed three times before being incubated with a pan-lactylated lysine polyclonal antibody (Bioprofile, 
SHBP0618, CN) at 4°C overnight. The following day, the membrane was incubated with a fluorescent secondary antibody at 
room temperature for 1 hour before detection.

Statistical Analysis
This study’s statistical analysis in this study was conducted using R software. Differences between two normally 
distributed groups were evaluated using Student’s t-test, while comparisons among more than two groups were 
performed using one-way ANOVA. For non-normally distributed data, the Mann–Whitney U-test was used for two- 
group comparisons, while the Kruskal–Wallis test was applied to multiple-group comparisons. A p-value < 0.05 was 
considered statistically significant, indicating a meaningful difference between groups.

Results
Differential Expression Analysis
We analyzed data from GSE16879 related to TNF-α inhibitor treatment before treatment and 4–6 weeks after the first 
injection to identify DEGs between the remission group and the non-remission group. A total of 911 DEGs were 
identified in the pre-treatment expression profile, including 165 upregulated and 746 downregulated genes, with a cut-off 
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value of 0.795. The volcano plot illustrating changes in gene expression levels before treatment was displayed in 
Figure 1A, and the top 15 most significantly upregulated and downregulated genes were displayed in Figure 1B. Among 
these, several genes with known roles in inflammation and immune regulation were notably dysregulated. For example, 
Triggering Receptor Expressed on Myeloid Cells 1 (TREM1), a key amplifier of inflammatory responses through the 
innate immune system, was markedly upregulated in the non-remission group. Similarly, C-X-C Motif Chemokine 
Ligand 6 (CXCL6), a chemokine involved in neutrophil recruitment, showed elevated expression, indicating enhanced 
inflammatory cell infiltration. In contrast, genes such as Claudin 8 (CLDN8) and Bestrophin 4 (BEST4), which are 
associated with intestinal barrier, were significantly downregulated in the non-remission group, reflecting potential 
mucosal dysfunction.

The analysis of data collected 4–6 weeks after the first injection identified 837 DEGs, including 118 upregulated and 719 
downregulated genes, with a cut-off value of 1.051. Changes in gene expression levels were showed in Figure 1C, while the 
top 15 most significantly upregulated and downregulated genes were showed in Figure 1D. In the non-remission group, 
inflammation-associated genes such as Chitinase-3-like protein 1 (CHI3L1) and S100 Calcium Binding Protein A9 (S100A9) 
were significantly upregulated, which was consistent with enhanced macrophage activation and neutrophil recruitment. In 
contrast, the metabolism-related gene 3-Hydroxy-3-Methylglutaryl-CoA Synthase 2 (HMGCS2), encoding the rate-limiting 
enzyme in ketogenesis and linking cellular energy metabolism to immune regulation, was markedly downregulated.

WGCNA
To investigate gene modules underlying therapeutic response to TNF-α inhibitor, WGCNA was performed on pre- 
treatment data. The Scale-Free Topology Model Fit (signed R2) and Mean Connectivity were shown in Figure 2A. The 

Figure 1 Differential expression analysis. (A) Volcano plot of DEGs in the pre-treatment expression profile. (B) Heatmap of the top 15 most significantly upregulated and 
downregulated genes before treatment. (C) Volcano plot of DEGs in the expression profile 4–6 weeks after the first injection. (D) Heatmap of the top 15 most significantly 
upregulated and downregulated genes 4–6 weeks after the first injection.
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Figure 2 WGCNA. (A) Determination of the soft threshold (pre-treatment). (B) Cluster Dendrogram (pre-treatment). (C) Module−trait relationships (pre-treatment). 
(D) GS-MM correlation (pre-treatment, cor=0.79, p<1e−200). (E) Determination of the soft threshold (4–6 weeks after the first injection). (F) Cluster Dendrogram 
(4–6 weeks after the first injection). (G) Module−trait relationships (4–6 weeks after the first injection). (H) GS-MM correlation (4–6 weeks after the first injection, 
cor=0.81, p<1e−200).

Journal of Inflammation Research 2025:18                                                                                          https://doi.org/10.2147/JIR.S556906                                                                                                                                                                                                                                                                                                                                                                                                 18211

Han et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



clustering dendrogram was presented in Figure 2B. We then calculated the correlation and p-values between modules and 
TNF-α inhibitor response. As illustrated in Figure 2C, the brown module exhibited the strongest correlation with TNF-α 
inhibitor response (p<0.05) among the 25 identified modules, comprising 2105 genes. Further analysis of the correlation 
between gene significance and module membership within this module revealed a significant association (cor = 0.79, p < 
1e-200), as illustrated in Figure 2D.

For the dataset obtained 4–6 weeks after the initial treatment, the Scale-Free Topology Model Fit (signed R2) and 
Mean Connectivity were shown in Figure 2E. The clustering dendrogram was shown in Figure 2F. We identified 17 
modules, among which the turquoise module showed the strongest correlation with TNF-α inhibitor response (p<0.05) 
and encompassed 3648 genes (Figure 2G). Analysis of the correlation between gene significance and module member
ship in the turquoise module also revealed a significant association (cor=0.81, p<1e-200), as illustrated in Figure 2H.

Identification of Common Genes
As shown in Figure 3A, we identified common genes in the pre-treatment data by using the merged set of DEGs and the genes 
obtained through WGCNA. This merged set was then intersected with lactylation-related genes and macrophage polarization– 
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Figure 3 Identification of common genes. (A) Overlapping genes from differential expression and WGCNA (pre-treatment). (B) Intersection with Lactylation and 
macrophage polarization-related genes (pre-treatment). (C) Overlapping genes from differential expression and WGCNA (4–6 weeks after the first injection). (D) 
Intersection with Lactylation and macrophage polarization-related genes (4–6 weeks after the first injection).
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related genes, yielding 17 common genes, as illustrated in Figure 3B. The same analysis was performed on data collected 
4–6 weeks after the initial treatment, which resulted in the identification of 24 common genes (Figure 3C and D).

Three Machine Learning Methods
To further screen for hub genes, we analyzed the identified common genes using three machine learning approaches. For 
the 17 common genes in the pre-treatment data, three machine learning methods were applied. As shown in Figure 4A, 
the LASSO regression method identified 8 characteristic genes. In Figure 4B, the Random Forest method selected 14 
characteristic genes. Additionally, the SVM-RFE analysis revealed that with 14 features, we achieved minimal error and 
maximum accuracy (Figure 4C). By identifying the intersection of the characteristic genes found through these three 
machine learning methods, we obtained 8 hub genes associated with TNF-α inhibitor response in the pre-treatment data 
(Figure 4D).

Similarly, we applied LASSO regression to 24 common genes, identifying 11 characteristic genes (Figure 4E). The 
Random Forest method selected 17 characteristic genes, as illustrated in Figure 4F. Fifteen characteristic genes were 
selected through SVM-RFE analysis (Figure 4G), achieving minimal error and maximum accuracy at this feature count. 
Using the same intersection approach across the three machine learning algorithms, we screened five hub genes related to 
TNF-α inhibitor response at 4–6 weeks after the initial treatment (Figure 4H).

Construction of a Predictive Model
We focused on evaluating the predictive value of the hub genes in response to TNF-α inhibitor therapy for the pre-treatment 
expression profile data. To perform this, we further examined their ability to predict treatment response. In the training set, 
the expression patterns of 8 hub genes in the remission and non-remission groups were illustrated in Figure 5A. Statistical 
analysis using the Mann–Whitney U-test revealed significant differences in gene expression between the two groups. Next, 
we evaluated the discriminatory power of these 8 hub genes by generating ROC for both the training and validation datasets. 
In Figure 5B, the AUC values revealed strong discriminatory capability for MNDA, CALD1, MSN, RECQL, and RBM10 
across both datasets. Specifically, MNDA had an AUC of 0.8485 and 0.7667 in the training and validation set, respectively; 
CALD1 had an AUC of 0.7868 in the training set and 0.75 in the validation set; MSN had an AUC of 0.8214 in the training 
set and 0.8 in the validation set; RECQL had an AUC of 0.7219 in the training set and 0.8667 in the validation set; and 
RBM10 had an AUC of 0.7002 in the training set and 0.7167 in the validation set. Based on these results, we selected the 
most discriminatory hub genes to construct a predictive model for drug response, visualized using a nomogram. As shown in 
Figure 5C, the model’s ROC curve yielded AUC values of 0.8939 (training set) and 0.8833 (validation cohort), highlighting 
its consistent discriminative power in identifying remission status. During the development of the model, we observed that 
MSN contributed minimally to predictive performance. This led us to finalize MNDA, CALD1, RECQL, and RBM10 as the 
4 hub genes for model construction (Figure 5D). Additionally, the calibration curve of the predictive model was showed in 
Figure 5E. The H-L test indicated that the model exhibited a good fit, suggesting that the predicted probabilities align well 
with the observed outcomes. In additional, to further evaluate the stability of the model, cross-validation was performed, 
which provided multiple performance metrics. The results indicated that the model had good discriminative ability and 
acceptable overall predictive accuracy, although its calibration performance was less satisfactory. The corresponding 
validation results were summarized in Supplementary Table 5.

Hub Gene Expression Analysis 4–6 Weeks After the Initial Treatment
For gene expression data in 4–6 weeks after the initial treatment, we focused on the significant changes in hub gene 
expression before and after treatment. To visualize these variations, we generated box plots depicting the expression 
patterns of 5 hub genes. As shown in Figure 6A, significant differences were observed between the remission and non- 
remission groups for these hub genes. By comparing the statistical significance of the differences in gene expression 
before treatment (Figure 6B), we observed that the distinction between the remission and non-remission groups became 
more pronounced 4–6 weeks after the initial therapy, particularly for ZYX, ADAR, and WAS. These expression changes 
were further validated in an external dataset. As illustrated in Figure 6C, the validation cohort exhibited significant 
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C D
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G H

Figure 4 Machine learning. (A) LASSO (pre-treatment). (B) Random forest (pre-treatment). (C) SVM-RFE (pre-treatment). (D) Intersection of three machine learning 
methods (pre-treatment). (E) LASSO (4–6 weeks after the first injection). (F) Random forest (4–6 weeks after the first injection). (G) SVM-RFE (4–6 weeks after the first 
injection). (H) Intersection of three machine learning methods (4–6 weeks after the first injection).
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differences in the expression of the 5 hub genes between the remission and non-remission groups after 4–6 weeks of 
therapy.

In contrast, MNDA was the only gene showing a significant difference (P<0.05), with no significant difference 
observed for ZYX, LGALS1, ADAR, and WAS between the remission and non-remission groups before treatment 
(Figure 6D). To illustrate the differential expression of hub genes between remission and non-remission groups before 
and after 4–6 weeks of therapy, we included the |Log Fold Change| values in Supplementary Table 6. These variations in 
gene expression, especially those related to lactylation and macrophage polarization, might be associated with treatment 

Figure 5 Predictive model based on hub genes. (A) Expression patterns of hub genes in remission and non-remission groups. (B) ROC for hub genes in training and 
validation datasets. (C) ROC of the predictive model. (D) Nomogram for predictive model. (E) Calibration curve and model fit assessment. **P<0.01, ***P<0.001, 
****P<0.0001.
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response. Furthermore, we assessed the ability of the 5 hub genes to discriminate remission status within both the training 
(Figure 6E) and validation datasets (Figure 6F). Among these genes, MNDA exhibited the strongest classification 
capability, achieving AUC values above 0.9 in both datasets. These results suggested that MNDA could be valuable in 
identifying patients’ response to TNF-α inhibitor at an early stage.

Figure 6 Hub genes analysis 4–6 weeks after the first treatment. (A) Box plot of hub genes (4–6 weeks after the first injection, training dataset). (B) Box plot of hub genes 
(before treatment, training dataset). (C) Box plot of hub genes (4–6 weeks after the first injection, validation dataset). (D) Box plot of hub genes (before treatment, 
validation dataset). (E) ROC for hub genes (training dataset). (F) ROC for hub genes (validation dataset). *P< 0.05, **P<0.01, ***P<0.001, ****P<0.0001, ns, P> 0.05 (not 
significant).
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Immune Infiltration Analysis
Based on the changes observed in the expression patterns of the 5 hub genes (ZYX, LGALS1, ADAR, MNDA and WAS) 
in the previous analysis, we conducted an immune infiltration analysis to explore the relationship between these hub 
genes, immune cells, and treatment response, as well as to investigate the potential mechanisms underlying non-response 
to therapy. The proportions and composition of 22 immune cell types in the remission and non-remission groups before 
treatment are illustrated (Figure 7A and B). We found that the non-remission group had significantly elevated levels of 
activated dendritic cells and neutrophils, while the proportions of B cells memory, T cells CD4 memory resting, T cells 
follicular helper, and dendritic cells resting were markedly lower. The composition and proportions of the same 22 
immune cell types in both groups 4–6 weeks after the first treatment were shown in Figure 7C and D. At this time point, 
we observed that the proportions of plasma cells, T cells CD4 memory activated, macrophages M1, dendritic cells 
activated, and neutrophils remained markedly elevated in the non-remission group, while resting CD4 memory T cells, 
regulatory T cells (Tregs), resting NK cells, and resting dendritic cells were markedly reduced. These differences in 
immune cell proportions, both before and 4–6 weeks subsequent the initial treatment, suggested that the effect of the 
TNF-α inhibitor might be closely associated with the immune cell composition.

We observed a relative increase in the proportion of macrophages M1 cells in the non-remission group 4–6 weeks 
after initial treatment, compared to pre-treatment levels, while macrophages M0 and M2 showed no apparent upward or 
downward trends. This pattern suggested a potential role of macrophage polarization in the response to TNF-α inhibitor 
therapy. To investigate this further, we analyzed microarray expression data before treatment (Figure 7E) and 4–6 weeks 
after the initial treatment (Figure 7F), exploring the correlation of 5 hub genes and immune cells. Our findings revealed 
that ZYX, LGALS1, ADAR, MNDA, and WAS were significantly associated with multiple immune cells, particularly 
T cells, neutrophils, mast cells, macrophages and dendritic cells. Before treatment, these hub genes exhibited a stronger 
association with macrophages M2, while after 4–6 weeks of therapy, their association shifted toward macrophages M1. 
Macrophages M0 exhibited no significant correlation at either time point. These results suggested possible relative 
changes in macrophage subsets during TNF-α inhibitor therapy.

GSEA
We conducted GSEA to investigate the pathway enrichment of 5 hub genes (ZYX, LGALS1, ADAR, MNDA and WAS) 
in the samples. The findings indicated that these genes were enriched across multiple biological pathways, including 
immune-associated pathways, notably the Th1 and Th2 cell differentiation pathways, the T cell receptor signaling 
pathway, and the B cell receptor signaling pathway. The genes were also associated with inflammatory pathways such 
as the NF-kappa B signaling pathway, HIF-1 signaling pathway, Hippo signaling pathway, and WNT signaling pathway, 
as well as drug metabolism pathways including drug metabolism, pyruvate metabolism, butanoate metabolism, and 
glycolysis/gluconeogenesis. Ten enriched pathways for each hub gene were displayed, along with details on NES, 
P value, and Adjusted P value (Figure 8A–E). These findings suggested the potential functional roles of these genes in 
immune regulation, inflammation, and metabolic processes, and highlighted their possible involvement in the response to 
TNF-α inhibitor.

TF-microRNA-mRNA Regulatory Network
To explore the regulatory relationships between hub genes, transcription factors, and microRNAs, we utilized the 
starBase database to predict microRNAs associated with the hub genes. Based on the 41 identified microRNAs 
(Figure 9A), we then used the TransmiR v3.0 database to predict their transcription factors (Figure 9B). Additionally, 
the NetworkAnalyst database was also employed to predict transcription factors regulating the hub genes. Ultimately, we 
integrated microRNAs associated with hub genes, the transcription factors regulating these microRNAs, and the 
transcription factors corresponding to the hub genes to construct a TF-microRNA-mRNA regulatory network 
(Figure 9C).
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Potential Drug Targets
Lactate was identified as an essential metabolic molecule in the body, with a close association to lactylation processes. 
Recent studies reported that exogenous lactate intervention could alleviate colitis symptoms in mice models. To explore 

Figure 7 Immune Infiltration Analysis. (A) Immune cell stacking bar plot (before treatment). (B) Box plots of immune cell composition (before treatment). (C) Immune cell 
stacking bar plot (4–6 weeks after the first injection). (D) Box plots of immune cell composition (4–6 weeks after the first injection). (E) Correlation analysis between hub 
genes and immune cells (before treatment). (F) Correlation analysis between hub genes and immune cells (4–6 weeks after the first injection). *P< 0.05, **P<0.01, 
***P<0.001, ****P<0.0001.
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the potential drug targets for lactate, we utilized the SwissTargetPrediction, Similarity ensemble approach, and SuperPred 
databases. Integrating these predicted targets with the signaling pathways which were identified in our GSEA, revealed 
that several potential lactate drug targets played crucial roles within these pathways. Based on these findings, we 
constructed a network of drug targets and signaling pathway to predict how lactate might influence the response to 
TNF-α inhibitor via key signaling pathways. The network was shown in Figure 10, with purple nodes representing hub 
genes, green nodes denoting signaling pathways enriched by these hub genes, and orange nodes indicating lactate’s 
potential drug targets. This network provided insights into the molecular mechanisms by which lactate might modulate 
therapeutic responses.

A B

C D

E

Figure 8 GSEA. (A) Enriched signaling pathways for ADAR. (B) Enriched signaling pathways for LGALS1. (C) Enriched signaling pathways for MNDA. (D) Enriched signaling 
pathways for WAS. (E) Enriched signaling pathways for ZYX.
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Animal Model Establishment
To evaluate the expression of hub genes and the lactylation levels associated with the response to TNF-α inhibitor, we 
established a TNBS-induced mouse colitis model. After successfully inducing the model, we administered TNF-α 
inhibitor to the treatment group and subsequently divided them into remission and non-remission subgroups based on 
their therapeutic response. In Figure 11A, representative images of intestinal specimens from 4 groups: normal group, 
IBD group, remission group, and non-remission group were presented. Colon shortening and obvious ulcerations were 
apparent in the IBD group and non-remission group. Histological images of the intestinal specimens revealed disrupted 
tissue architecture and obvious infiltration of inflammatory cells in the IBD and non-remission groups (Figure 11B). 
Body weight changes and the weight ratio (Day 7/Day 0) were presented in Figure 11C. The disease activity index (DAI) 
scores and the colon mucosa damage index (CMDI) across the four groups were displayed in Figure 11D. We conducted 
RT-qPCR analysis to examine inflammatory cytokine levels in each group. The results showed elevated TNF-α and IL-6 
levels in the IBD and non-remission groups, while IL-10 level was significantly increased in the remission group 
(Figure 11E–G).

A B

C

Figure 9 The TF-microRNA-mRNA Regulatory Network Established by Cytoscape Software. (A) The microRNA-mRNA regulatory network. (B) The TF-mRNA 
regulatory network. (C) The TF-microRNA-mRNA regulatory network.
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RT-qPCR Validation of Hub Genes Expression
In the TNF-α inhibitor-treated mouse colitis model, Further validation of hub genes expression confirmed consistency 
with the bioinformatics findings. Compared to the remission group, the non-remission group exhibited elevated expres
sion levels of ZYX, LGALS1, ADAR, MNDA, and WAS 4–6 weeks after the initial treatment (Figure 12).

Effects of Lactate on the Response to TNF-α Inhibitor
In our study, we evaluated the impact of oral lactate supplementation in combination with TNF-α inhibitor compared 
with TNF-α inhibitor alone in mice. Our results showed that the application of combination therapy led to enhanced 
symptom improvement in comparison to TNF-α inhibitor monotherapy. RT-qPCR analysis revealed that TNF-α and IL-6 
levels were elevated in the IBD group, reduced in the TNF-α inhibitor monotherapy group, and further decreased in the 
combination therapy group (Figure 13A and B). IL-10 expression was increased in the monotherapy group and was 
further elevated in the combination therapy group with lactate supplementation. (Figure 13C). To further explore the 
involvement of lactylation modifications in TNF-α inhibitor therapy, we measured lactylation levels across different 
groups. Results indicated that lactylation levels were markedly elevated in colitis mice compared to healthy controls. 
Furthermore, lactylation levels exhibited a more pronounced increase in the combination therapy group than in the 
monotherapy group (Figure 13D and E). These results suggested that lactate supplementation enhanced the therapeutic 
response to TNF-α inhibitor, and variations in lactylation levels among groups indicated that lactylation modifications 
could be involved in the mechanisms regulating this response.

Discussion
In this study, we integrated multiple bioinformatics methods, including differential expression analysis, WGCNA, and 
machine learning approaches, to identify hub genes (MNDA, CALD1, RECQL and RBM10) that could predict TNF-α 
inhibitor treatment response. We also explored hub genes whose expression levels changed during TNF-α inhibitor 
therapy (ZYX, LGALS1, ADAR, MNDA and WAS). Furthermore, we investigated the signaling pathways enriched by 
these hub genes through GSEA, and immune infiltration analysis allowed us to characterize the immune cell composition 
within the samples. Rather than focusing solely on intergroup differences based on pretreatment data, we also analyzed 
gene expression profiles 4–6 weeks after the initial treatment. By comparing these profiles with pretreatment data, we 
identified hub genes and immune cell compositions that underwent significant changes. Animal experiments were 
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conducted to examine the expression levels of hub genes and to assess variations in lactylation modifications across 
different groups. The results suggested that exogenous lactate supplementation might enhance the response to TNF-α 
inhibitor. These observations provided preliminary insights into the molecular mechanisms that might underlie treatment 
response and indicated a potential role of lactate in influencing therapeutic outcomes.

Patients with IBD may experience symptoms such as abdominal pain, diarrhea, weight loss, and malnutrition.31,32 

Current pharmacological treatments primarily include aminosalicylates, corticosteroids, immunosuppressants, and bio
logics such as TNF-α inhibitors.6 Tumor necrosis factor-alpha (TNF-α) is a pro-inflammatory cytokine that is elevated in 
IBD patients that drives intestinal inflammation and tissue damage.33 TNF-α inhibitors, a class of biologic drugs, play 
a crucial role in IBD treatment by inhibiting TNF-α activity and reducing inflammation. However, the therapeutic 
response to TNF-α inhibitors varies among patients.34 Evidence from previous studies has indicated that non-response to 
TNF-α inhibitors might involve the antibodies against the drug and genetic factors.8,35 Recent reports have indicated that 

Figure 11 Establishment of animal models. (A) Colon tissue. (B) Representative histological images of intestinal specimens. (C) Body weight and weight ratio (Day7/Day0). 
(D) DAI scores (Day7) and colon mucosa damage index. (E) RT-PCR of TNF-α expression levels. (F) RT-PCR of IL-6 expression levels. (G) RT-PCR of IL-10 expression levels. 
*P< 0.05, ***P<0.001, ****P<0.0001, ns, P> 0.05 (not significant).
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the composition of the gut microbiota in IBD patients underwent significant alterations, with a reduction in Firmicutes 
and Bacteroidetes levels and an increase in Proteobacteria and Actinobacteria levels.36

Patients with IBD are often accompanied by microbial dysbiosis, which can promote macrophage infiltration into the 
intestinal mucosa, and trigger the secretion of pro-inflammatory cytokines and chemokines, and further promote the 
production of TNF-α.37 Furthermore, significant variations in gut microbial profiles have been identified between TNF-α 
inhibitor responders and non-responders, implying a potential role of the gut microbiota as a predictive biomarker.38 

Lactobacillus is a key member of the Firmicutes phylum that plays an essential role in maintaining gut microbiota balance 
and overall intestinal health.39 Lactate metabolism is closely linked to the activity of Lactobacillus in the intestine.40 

Lactobacillus produces lactate through glycolytic pathways, including homofermentative and heterofermentative fermenta
tion pathways. These metabolic processes not only contribute to maintaining intestinal microbiota homeostasis but also 
regulate immune and inflammatory responses via lactylation modifications.41 In the hypoxic inflammatory intestinal environ
ment of patients with IBD, the HIF-1 signaling pathway could be activated, promoting glycolysis in intestinal epithelial cells 
and influencing energy metabolism and immune regulation.42 Increased glycolysis led to lactate accumulation.43 While lactate 
was historically considered a metabolic waste product, recent studies have highlighted its crucial role in tumor progression, 
inflammation, and immune-related diseases.44–46 Consistent with these emerging evidence, one study has reported that 
supplementation with exogenous lactate could improve experimental colitis, suggesting a potential protective role of lactate 
in the regulation of inflammation.30 Lactate has been shown to mediate histone lactylation, facilitating the transition of 
macrophages from the pro-inflammatory M1 phenotype to the anti-inflammatory M2 phenotype, thereby contributing to the 
regulation of immune responses. The relevant mechanisms may involve signaling pathways such as HIF-1α, NF-κB, 
mTORC1, and TH17 polarization.47 These findings suggest that complex interactions exist among the gut microbiota, 
lactylation modifications, and signaling pathways in the regulation of inflammation and immunity.

Macrophages respond to microenvironmental stimuli by undergoing polarization, leading to differentiation into pro- 
inflammatory M1 and anti-inflammatory M2 subtypes.20 Lactylation plays a critical role in regulating the function of 
macrophages. Studies have shown that lactylation was involved in macrophage transitions between macrophage subtypes 
and might serve as a key mechanism in modulating inflammatory responses and tissue repair.48 Under inflammatory 
conditions, M1 macrophages predominantly relied on glycolysis for energy production, leading to elevated lactate levels. 
This increase in lactate might influence inflammatory responses via histone lactylation, while lactylation itself might 
enhance M2 macrophage function, thereby promoting tissue repair and anti-inflammatory effects.22 Our bioinformatics 
findings were consistent with these observations. Specifically, 4–6 weeks after the initial treatment with TNF-α inhibitor, 
the expression of hub genes was significantly elevated. Furthermore, our validation experiments demonstrated that 
combining TNF-α inhibitor therapy with exogenous lactate supplementation enhanced lactylation levels and led to 
a more pronounced improvement in colonic inflammation compared to TNF-α inhibitor monotherapy. The findings 
indicated that lactylation could play a crucial role in the response to TNF-α inhibitor treatment in IBD.
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Figure 12 RT-PCR verification of hub genes expression. (A) ZYX mRNA relative expression. (B) LGALS1 mRNA relative expression. (C) MNDA mRNA relative 
expression. (D) WAS mRNA relative expression. (E) ADAR mRNA relative expression. **P<0.01, ***P<0.001, ****P<0.0001.
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The pathogenesis of IBD involves complex immune regulatory processes.49 Lactylation has previously been reported 
to be associated with various cancers.50 However, its role in the intestinal inflammation is attracting increasing 
attention.51 Lactate, a crucial metabolic molecule, is elevated in inflammatory or tumor microenvironments and has 
been shown to influence immune cell function.44 As well as being a metabolic byproduct of glucose metabolism, lactate 
can modulate gene expression via the lactylation of histone proteins, resulting in the regulation of macrophage 
polarization.22 A recent study has shown that lactate repressed macrophage inflammatory responses by enhancing 
immunosuppressive gene expression while suppressing pro-inflammatory genes, suggesting that lactate functions not 
merely as a metabolic byproduct but also as a key signaling molecule in immune regulation.52 In our study, we 
investigated the effects of combining exogenous lactate supplementation combined with TNF-α inhibitor therapy in 
a colitis mouse model. The combination therapy group exhibited significantly increased lactylation levels and demon
strated enhanced anti-inflammatory effects compared to the monotherapy group receiving TNF-α inhibitor. The results 
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aligned with previous studies and supported the therapeutic potential of lactate in enhancing the efficacy of TNF-α 
inhibitor therapy in colitis.

Although predictive models for response to biologic therapies in IBD have been developed based on clinical, genetic, 
immunological, pharmacokinetic, and microbiome-derived biomarkers, the predictive accuracy of individual biomarker- 
based approaches remains suboptimal, often remaining below 60%.53 Multi-omics predictive models have demonstrated 
greater accuracy, with some studies reporting predictive capabilities of over 80%.54 These findings highlight the promise 
of integrative, multi-omics strategies in advancing precision medicine for IBD.

Through bioinformatics analysis, we identified several hub genes (ZYX, LGALS1, ADAR, MNDA, and WAS). Notably, 
these genes were closely linked to lactylation and macrophage polarization, indicating that these biological processes were 
potentially crucial in mediating treatment response. GSEA further suggested that five key genes—ZYX, LGALS1, ADAR, 
MNDA, and WAS—were found to be enriched across multiple pathways, including immune-related pathways (B cell receptor 
signaling, T cell receptor signaling, and Th1/Th2 cell differentiation), inflammatory pathways (NF-κB, HIF-1, Hippo, and 
WNT), as well as metabolic pathways (drug metabolism, pyruvate metabolism, butyrate metabolism, and glycolysis/ 
gluconeogenesis). Taken together, these results indicated that the hub genes might be involved in immune regulation, 
inflammatory responses, and drug metabolism. These findings may help to elucidate the molecular mechanisms underlying 
responses to TNF-α inhibitor treatment.

Transcription factors regulate microRNA transcription via promoter regions.55 MicroRNAs, bind to target mRNAs 
and thereby modulate translation efficiency and gene expression.56 In our study, we predicted multiple transcription 
factors that might influence microRNA expression and identified 41 microRNAs that were potentially involved in 
regulating these 5 hub genes. Subsequent construction of a TF–microRNA–mRNA regulatory network provided 
important insights into gene regulatory mechanisms associated with TNF-α inhibitor response in IBD patients and 
might inform the exploration of candidate therapeutic targets.

Using bioinformatics approaches, we constructed a network of hub genes, drug targets, and signalling pathways to 
identify potential mechanisms by which lactate may modulate responsiveness to TNF-α inhibitor therapy in IBD. 
Subsequent experimental validation confirmed that lactate enhanced the efficacy of TNF-α inhibitor treatment, 
a process that may be mediated by lactylation. These findings suggested possible approaches to improve responses to 
TNF-α inhibitor in IBD.

This study has certain limitations. First, the transcriptomic data were derived from the GEO database, which does not 
include clinical information such as age, sex, disease severity, and prior treatment history. In addition, due to the limited 
number of available datasets, UC and CD subtypes were analyzed together, and the validation cohort was small, potentially 
introducing confounding factors. Second, the animal experiments were limited with a small sample size and a preliminary 
design, and multi-level validation using clinical specimens or cellular models was not performed. As a result, the specific 
mechanisms underlying macrophage polarization and lactylation modifications remained to be clarified. In addition, the 
TNBS-induced colitis model employed in this study predominantly resembles CD, which represents a limitation. More 
comprehensive validation may be obtained in future studies using models such as DSS-induced colitis. Third, although 
bioinformatics and preliminary experiments supported our transcriptomic findings, the evidence remained mainly inferential. 
Moreover, one study suggested that lactate, beyond its role in histone lactylation, might serve as a metabolic substrate in the 
tricarboxylic acid (TCA) cycle and act as a signaling metabolite regulating immune responses.57 In summary, the transcrip
tomic findings from this study were preliminary and still required multi-level and mechanistic validation.

Conclusion
This study provided preliminary evidence that exogenous lactate may enhance the efficacy of TNF-α inhibitor, potentially 
through immune regulatory mechanisms and lactylation, as suggested by integrative bioinformatics and animal experi
ments. The derived gene regulatory networks provided initial mechanistic insights into how lactate may enhance the 
therapeutic efficacy of TNF-α inhibitor in IBD. However, these findings remained preliminary and should be interpreted 
with caution. Further studies are needed to explore the mechanistic contributions of lactate and lactylation to TNF-α 
inhibitor efficacy.
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