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Background: Ulcerative Colitis (UC), a subtype of inflammatory bowel disease with unclear specific pathogenesis, was associated
with recurrent inflammatory infections, genetics, and immunodeficiency. This study aimed to analyze the potential pathogenesis of
NLRP3 inflammasome (NLRP3-INF)-mediated UC via transcriptomics combined with Mendelian Randomization (MR), explore the
causal relationship between NLRP3-INF, related target genes and UC, and provide insights for mining UC therapeutic targets.
Methods: Gene expression data (GSE87473 as training set, GSE75214 as validation set, GSE87466 as external validation set) were
obtained. Differential expression analysis and Weighted Gene Co-expression Network Analysis (WGCNA) were performed to screen
differentially expressed genes (DEGs) and NLRP3-INF related genes (NLRP3-RGs) related module genes. Candidate genes were
obtained by intersecting DEGs with module genes. MR analysis was conducted between candidate genes and UC. Receiver Operating
Characteristic (ROC) analysis and expression validation were used to confirm key genes; immune infiltration drug prediction; and
molecular dynamics (MD) simulation analyses were carried out, and the expression of key genes was further verified in the UC mouse
model.

Results: A total of 942 DEGs were screened. WGCNA identified eight modules, with the MEyellow module (813 genes) highly
correlated with NLRP3-RGs. A total of 307 candidate genes were obtained. Nine candidate key genes were screened through MR
analysis; after validation, PPARGCIA (Peroxisome proliferator-activated receptor gamma coactivator 1-alpha), NAAA
(N-acylethanolamine acid amidase), and GIPC2 (GIPC PDZ domain containing family member 2) (significantly downregulated in
UC) were confirmed as key genes. They were correlated immune cells such as MO macrophages and activated CD4+ T cells;
Molecular docking revealed a binding free energy of —8.7 kcal/mol between PPARGCIA and Rosiglitazone, indicating favorable
binding affinity. Molecular dynamics simulations confirmed the binding conformation remained stable over 100 ns Animal experi-
ments confirmed lower expression of the three key genes in the model group.

Conclusion: PPARGC1A, NAAA, and GIPC2 were identified through bioinformatics analyses as key genes for NLRP3-INF-
mediated UC, which could serve as potential biomarkers and provide a basis for UC pathogenesis research and therapeutic target
development.
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Introduction
Ulcerative Colitis (UC) belongs to a subtype of inflammatory bowel disease, but its specific pathogenesis is unknown,
And studies have shown that it may be related to recurrent inflammatory infections, genetics, immunodeficiency and
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other factors." The site of disease mainly involves the rectum, the left half of the colon and even the entire colon. It is
a chronic non-specific intestinal inflammatory disease characterized by repeated chronic inflammatory episodes, abdom-
inal pain and diarrhea, and mucus, pus and blood stools. In severe cases, it can be complicated by intestinal perforation
and cancer.” In view of the fact that this disease is difficult to cure and prone to cancer, and with the increasing incidence
of UC year by year, the age of onset is getting younger and younger, which is a serious threat to people’s health.
Therefore, finding a therapeutic regimen that can effectively mitigate and inhibit the progression of the disease in order to
optimize the clinical diagnosis and treatment of UC has become a public healthproblem that needs to be addressed
urgently.’

NLRP3 inflammasome (INF), a macromolecular protein complex with pro-inflammatory effects, is a hot topic in
current research on inflammatory response. It is mainly composed of apoptosis-as-sociated speck-like protein containing
a CARD (ASC) and pro-cysteinyl aspartate specific proteinase-1 (pro- Caspase-1) are widely expressed in subpopula-
tions of granulocytes, macrophages, T-lymphocytes, and B-lymphocytes.* Recruitment of pro-Caspase-1 to the CARD
structural domain of ASC leads to the assembly of NLRP3-INF and activation of caspase-1, which releases inflammatory
factors to induce inflammatory responses, whereas activated caspase-1 induces the cellular pyroptosis pathway, thus
NLRP3-INF is critical for regulating host immune defense against infectious microorganisms and cellular damage.’
Moderate activation of NLRP3-INF-induced inflammation facilitates the clearance of microbial infections and promotes
the repair of damaged tissues, but over-activation of NLRP3-INF leads to excessive inflammatory damage in the host and
thus induces disease.® The current study demonstrates that NLRP3, as an intrinsic immune receptor, triggers the
activation of caspase-1 and the secretion of interleukin-1f (IL-1f) and interleukin-18 (IL-18) in response to microbes,
which are closely related to the pathogenesis of UC.” NLRP3-INF has also been regarded as a key intestinal homeostatic
regulatory factors. Abnormal immune responses to intestinal flora are widely believed to underlie the development of
UC. IL-1P serves as a key effector molecule downstream of NLRP3 inflammasome activation in intestinal tissue.
Elevated IL-1B levels trigger the activation of MAPK and NF-kB signaling cascades, subsequently enhancing the
expression of various pro-inflammatory mediators including cytokines and chemokines.® Research indicates that intest-
inal IL-18 production is mediated by NLRP3 inflammasome activity, with IL-18 playing a regulatory role in epithelial
cell proliferation and tissue repair following intestinal injury. Furthermore, genetic variations within the IL-18 locus have
been identified as susceptibility factors for UC. These findings collectively highlight the critical involvement of NLRP3
inflammasome in modulating intestinal mucosal immune responses, with impaired mucosal immunity representing
a potential primary mechanism underlying UC development.” Despite these advances, critical gaps remain: (1) the
specific NLRP3-regulated genes driving UC pathogenesis are poorly defined; (2) causal links between these genes and
UC risk lack rigorous validation; (3) strategies to modulate these targets in the inflamed gut remain unexplored.
Addressing these gaps is essential to translate NLRP3 biology into actionable therapies.

Recent transcriptomic studies have identified widespread dysregulation of NLRP3 inflammasome-related pathways in
ulcerative colitis (UC), yet distinguishing primary drivers from secondary inflammatory responses remains challenging.
To move beyond correlation, Mendelian randomization (MR) has emerged as a robust epidemiological tool to infer
causality. By leveraging genetic variants as instrumental variables, MR can validate whether specific NLRP3-associated
genes exert direct causal effects on UC risk, minimizing confounding inherent in observational studies.'” While
transcriptomics identifies differentially expressed genes associated with ulcerative colitis (UC), these findings are limited
to correlation and cannot establish causality. To overcome this, we employ Mendelian Randomization (MR), a causal
inference method that uses genetic variants as instrumental variables to test the causal relationship between exposure
factors (eg., gene expression) and UC risk. MR relies on three core assumptions: (1) genetic variants are strongly
associated with the exposure; (2) genetic variants are independent of confounders; (3) genetic variants affect UC risk
only through the exposure (no horizontal pleiotropy). Given the gut-specific nature of UC, we prioritize colon/immune
cell eQTLs to ensure the relevance of identified targets to intestinal pathology.“’12

Therefore, this study integrates multi-cohort transcriptomics, WGCNA, MR-based causal prioritization, and immune
deconvolution to systematically dissect NLRP3 inflammasome-mediated UC pathogenesis. Following the identification
of candidate targets, we further explored their translational potential by evaluating druggability and delivery strategies.
Notably, emerging nanocarrier systems (eg., pH-responsive hydrogels, mucus-penetrating nanoparticles) offer viable
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approaches for targeted delivery of small molecules or nucleic acids to the inflamed colon, as demonstrated in recent
studies.'*'* Finally, experimental validation in a DSS-induced mouse model was conducted to bridge computational
predictions with preclinical feasibility.

Materials and Methods

Data Collection

This study followed the STROBE-MR (Strengthening the Reporting of Observational Studies in Epidemiology-
Mendelian Randomization Extension) guideline.'> This study utilized gene expression data from the Gene Expression
Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/gds). Specifically, the GSE87473 (GPL13158) was employed
as training set, which included 106 samples of ulcerative coliti (UC) intestinal mucosa tissue and 21 samples of normal
intestinal mucosa. The GSE75214 (GPL6244), the validation set, consisted of 74 samples of UC intestinal mucosa tissue
and 22 samples of normal intestinal mucosa. The GSE87466 (GPL13158) dataset, used as an external validation set,

includes 87 UC mucosal samples and 21 normal mucosal samples. Thirty NLRP3-inflammasome related genes (NLRP3-
RGs) were derived from the literature.'®

Difference Expression Analysis

For the GSE87473 dataset, we identified differentially expressed genes (DEGs) by employing the limma package (v
1.36.0)."” Genes meeting the criteria of adjusted P-value < 0.05 and [log,(fold change)| > 1 were classified as DEGs.
Visual representations of the DEGs, including volcano plots and heatmaps, were generated using the ggplot2 package (v
3.3.6)'® and ComplexHeatmap package (v 2.14.0)."

Single Sample Gene Set Enrichment Analysis (ssGSEA)

To evaluate NLRP3-related gene (NLRP3-RG) activity in the GSE87473 dataset, we computed ssGSEA scores using the
GSVA package (v 1.7-9).2° The ssGSEA algorithm was applied based on the NLRP3-RG signature to derive enrichment
scores for each sample. Statistical comparisons of NLRP3-RG-associated ssGSEA scores between groups were per-
formed with a significance threshold of P < 0.05, and results were illustrated through differential distribution plots.

Weighted Gene Co-Expression Network Analysis (WGCNA)

The original chip data (CEL files) were subjected to RMA (Robust Multi-array Average) normalization using the affy
package (v1.76.0), and batch effects between datasets GSE87473, GSE75214, and GSE87466 were corrected employing
the ComBat function from the sva package (v3.46.0). Using the WGCNA package (v 3.4.3),%! the samples in GSE87473
were clustered based on expression levels using Euclidean distance for hierarchical clustering (deepSplit = 2), and
outliers from the sample were removed. The optimal soft-thresholding was identified at 14, and the R-squared value was
set at R? > 0.85, mergeCutHeight = 0.3, using Pearson correlation for gene clustering. According to the criteria of the
hierarchical dynamic tree cut, the minimum number of genes for each gene module was established at 30. Using the
NLRP3-RGs related ssGSEA scores as the phenotype, the association between the phenotype and modules was
constructed. Ultimately, modules related to the NLRP3-RGs in UC were identified, and the genes within these modules

were extracted.

Identification and Functional Enrichment of Candidate Genes

Candidate genes were identified by intersecting DEGs with WGCNA module genes to obtain NLRP3-RG-associated
differential genes. Functional annotation was performed through Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathway analyses using the clusterProfiler package (v 3.14.3),%* with adjusted P < 0.05 as the
significance threshold. Protein-protein interaction (PPI) networks were constructed via the STRING database (minimum
confidence score: 0.4) and visualized using Cytoscape software (v 3.8.2).%
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Screening of Instrumental Variables

MR analysis was conducted to explore potential causal relationships between candidate genes and UC. The MR
framework requires three fundamental assumptions: (1) genetic variants demonstrate significant association with
exposure variables; (2) genetic variants remain independent of confounding factors; (3) genetic variants affect
outcomes exclusively through exposure variables without alternative pathways. Expression quantitative trait loci
(eQTL) GWAS data for candidate genes and UC GWAS data (ebi-a-GCST90038684) were obtained from the IEU
Open GWAS database (https://gwas.mrcieu.ac.uk/). The UC dataset comprised 9,587,836 SNPs from 484,598 samples
(2,515 UC cases; 482,083 controls). Using the TwoSampleMR package (v 0.5.6),* we employed the extract_instru-
ments function to identify SNPs significantly associated with exposures (P < 5x107%). Linkage disequilibrium (LD)

pruning was performed with clump=TRUE settings (r? = 0.001, kb = 10,000). F-statistics were calculated to verify
instrument strength, with F > 10 indicating sufficient robustness. SNPs uncorrelated with outcomes were retained for
MR analysis.

MR Analysis

Effect allele harmonization was performed using the harmonise data function from the TwoSampleMR package. Five
MR methods were applied: MR-Egger,”> Weighted median,?® Inverse variance weighted (IVW),?’” Simple mode and
Weighted mode.?® The IVW method served as the primary analytical approach due to its superior causal inference
performance (P < 0.05). Odds ratios (OR) > 1 indicated risk factors, while OR < 1 suggested protective effects. Scatter
plots generated via mr scatter plot function illustrated exposure-outcome correlations. Forest plots created through
mr_forest plot function displayed diagnostic performance. Funnel plots produced using mr funnel plot function
assessed causal effect distribution randomness.

Comprehensive sensitivity analyses were subsequently performed. Heterogeneity assessment utilized the mr_heter-
ogeneity function, calculating Cochran’s Q value and corresponding P-value (Q pval). Q pval < 0.05 indicated
significant heterogeneity, warranting random-effects IVW modeling; Q pval > 0.05 indicated homogeneity, permitting
fixed-effects IVW modeling.?* Horizontal pleiotropy was evaluated using mr pleiotropy test and run mr presso
functions, with P > 0.05 indicating absence of pleiotropy. Exposures showing horizontal pleiotropy (P < 0.05) were
excluded from subsequent analyses.>® Leave-one-out (LOO) sensitivity testing systematically removed individual
SNPs to assess their influence on outcomes. Steiger directional testing’' examined potential reverse causation.
Genes passing reverse causality assessment were designated as candidate key genes (P < 0.05) for downstream
analysis. The final P-values for the IVW results were corrected using bonferroni method (significance threshold P <
1.63x10 %, derived from 0.05/307 parallel tests), with BH-FDR (q < 0.05) as supplementary, with additional calcula-
tion of the 95% confidence intervals for the OR values. Robustly significant causal association genes were selected by
applying sensitivity filtering criteria (nsnp> 2, Q_pval> 0.05, pval.pleio> 0.05, and Steiger direction correct). To
further exclude confounding due to linkage disequilibrium (LD), the coloc package’® was employed to perform co-
localization analysis of the aforementioned genes (eQTL side screening P <1x10%), with PP.H4> 0.75 defined as

strong evidence for shared causal variants.

ROC Analysis and Expression Validation of the Candidate Key Genes
Diagnostic value assessment of candidate key genes employed the pROC package (v 1.18.0)’® to generate Receiver
Operating Characteristic (ROC) curves in GSE87473. Area Under the Curve (AUC) values quantified discriminatory
capacity between UC and normal control samples. Validation ROC curves were constructed in GSE75214.

Expression patterns of candidate key genes were evaluated using Wilcoxon rank-sum tests in both GSE87473 and
GSE75214 datasets. Genes demonstrating concordance with MR findings were designated as key genes. To verify the
heterogeneity of identified key genes, expression validation was extended to the GSE87466 dataset.
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Analysis of Key Genes
Internal connections among key genes were explored through co-expression network construction using the GeneMAnia
database (http://genemania.org/). Functional similarity assessment employed the GOSemSim package®* with criteria of |

correlation coefficient| > 0.3 and P < 0.05. Spearman correlation analyses between individual key genes and genome-
wide transcripts were conducted in GSE87473 using the psych package (v 2.2.9).>° Diabetic pathogenic genes were
retrieved from GeneCards (https://www.genecards.org/), and their expression differences in UC versus controls were

analyzed (P < 0.05). Correlations between UC-associated differentially expressed pathogenic genes and key genes were
examined (|correlation coefficient| > 0.3, P < 0.05).

Gene Set Enrichment Analysis (GSEA) was performed using clusterProfiler package (v 3.14.3). The KEGG pathway
gene set “c2.cp.kegg.v7.4.symbols.gmt” downloaded from the GSEA website (http://www.gsea-msigdb.org/gsea/) served
as the reference. The CIBERSORT algorithm quantified infiltration levels of 20 immune cell types in GSE87473.
Spearman correlation analysis between differential immune cells and key genes was conducted using the psych package
(v 2.2.9), applying thresholds of |correlation coefficient| > 0.3 and P < 0.05.

Molecular Regulation Network and Drug Prediction
Transcription factors (TFs) targeting key genes were identified through NetworkAnalyst (networkanalyst.ca).
MicroRNAs (miRNAs) associated with key genes were retrieved from the miRNet database (https:/www.mirnet.ca).

The integrated TF-key gene-miRNA regulatory network was visualized using Cytoscape (v 3.8.2). Potential therapeutic
compounds were identified via the Comparative Toxicogenomics Database (CTD) (http://ctdbase.org). Drug-key gene
interaction networks were constructed and visualized in Cytoscape (v 3.8.2) (Shannon et al 2003). Three-dimensional
drug structures were obtained from PubChem (https://pubchem.ncbi.nlm.nih.gov/), while protein crystal structures were

retrieved from the Protein Data Bank (PDB) (https://www.rcsb.org/) for molecular docking studies.

Molecular Dynamics (MD) Simulation

To validate binding stability and rationality between drugs and key genes, molecular dynamics (MD) simulations were
executed. Protein sequences were acquired from the NCBI database, restricting searches to human species. Molecular
dynamics (MD) simulations were performed using GROMACS 2024.2 for 100 ns under NPT ensemble (300 K, 1 bar),
with integration time step = 2 fs, hydrogen bonds constrained via LINCS algorithm, long-range electrostatics handled by
PME (cutoff = 1.0 nm). All parameters followed GROMACS default units (nm, ps, fs, K, bar, mol/L), with no unit
conversion errors. The AMBER14SB force field parameterized proteins, while the AMBER gaff force field generated
parameters for small-molecule ligands. Periodic boundary conditions were established, and simulation boxes were
optimized and solvated. System electroneutrality was maintained by replacing water molecules with Na* and CI” ions
at 0.15 mol/L concentration. Energy minimization utilized the steepest descent algorithm. Production simulations
incorporated random seeds for duplicate runs to ensure reproducibility.

Animal Studies
This study was conducted and reported in accordance with the ARRIVE (Animal Research: Reporting of In Vivo
Experiments) guidelines 2.0 (https://arriveguidelines.org). All animal experiments were designed and performed in

compliance with ARRIVE recommendations to ensure transparency, reproducibility, and statistical methods are provided
in the paper. The study protocol was reviewed and approved by the Ethics Committee of Sichuan Provincial People’s
Hospital (Approval No. 2024600, September 29, 2024), and all procedures adhered to the institutional guidelines for the
humane care and use of laboratory animals. For animal care, health checks were conducted twice a day (morning and
evening) to record the mental state, appetite, water intake, and fecal condition of mice. Mice with abnormalities were
promptly isolated, and veterinarians were contacted. For environmental cleaning, cage replacement and sterilized corn
cob bedding replacement were performed twice a week (cages were autoclaved at 121 °C and 103kPa for 20 minutes).
The outer surface of cages and the ground were disinfected with 0.5% peracetic acid daily, and the breeding room was
fumigated with formaldehyde-potassium permanganate every two weeks. Meanwhile, 5% of mouse samples were
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collected monthly for pathogen detection to ensure compliance with the specific pathogen-free (SPF) standard. For
feeding, SPF-grade complete pellet feed for mice conforming to GB 14924.3—-2010 was used (containing ingredients such
as crude protein > 20%, without antibiotics or hormones). The feed was stored at 4 °C; mice were allowed ad libitum
access to feed, with feed supplemented daily and feed boxes replaced weekly. Drinking water was sterile deionized water
(supplied via automatic water dispensers, which were sterilized weekly). A UC model was induced by providing sterile
water supplemented with 3% DSS as drinking water, which was freshly prepared and filter-sterilized daily. For housing,
420mm x 260mm x 180mm individually ventilated cages (IVC) were used, with 3—4 mice of the same gender and group
per cage. Mice in the blank group and model group were housed in separate areas, with information labeled clearly. For
environmental enrichment, paper tunnels (100mm x 30mm) and wooden chew sticks (50mm x 10mm) were placed in
each cage and replaced weekly. Meanwhile, housing mice in the same cage met their social needs, and special tools were
used for gentle handling during operations to minimize stress. Details of experimental interventions were as follows: Ten
6-8 week-old SPF-grade female C57BL/6 mice (weighing 18-20g) were randomly divided into the blank group and
model group (5 mice per group) using a random number table The experiment was initiated after the mice had
acclimatized to the environment for 3 days: the blank group was given sterile deionized water, while the model group
was given sterile water containing 3% DSS (36000-50000Da) for 7 consecutive days. During this period, the model
group mice were observed daily for colitis symptoms such as diarrhea, hematochezia, and weight loss, and the onset time
and severity of the symptoms were recorded. On the 8th day, after 12 hours of fasting, sampling was conducted. Mice
were first euthanized, followed by blood collection (via eyeball enucleation; serum was separated by centrifugation at
3000 rpm for 15 minutes and stored at —80 °C), colon collection (1.5cm of the colon was stored in RNA preservation
solution after separation, and the remaining part was fixed), and hippocampus collection (quick-frozen in liquid nitrogen
and stored at —80 °C). No analgesics were used in this experiment. The reasons were: the operations caused no invasive
pain; mice were quickly euthanized before sampling and had no perception of pain; additionally, analgesics might have
interfered with the detection results of PPARGC1A, NAAA, and GIPC2 genes, affecting the scientific validity of the
study. Cervical dislocation was used for euthanasia. Operators had received professional training. Before the operation,
a sterile workbench and gloves were prepared. The left hand was used to fix the mouse’s head, and the right hand was
used to pull the tail to separate the cervical vertebrae instantly (completed within 10 seconds). Euthanasia was confirmed
successful when no breathing or heartbeat was detected. Mouse carcasses were placed in biohazard bags with labeled
information and disposed of by high-temperature incineration in accordance with regulations. The preset criteria for early
euthanasia were: weight loss exceeding 20% with no recovery within 2 days, severe diarrhea with hematochezia
unrelieved for 24 hours, listlessness with inability to eat or drink, paralysis, infection, or acute illness/accidental injury.
During the experiment, there were no abnormalities in the blank group; the model group only showed mild symptoms,
which did not meet the early euthanasia criteria. All mice were euthanized as planned. On the 8th day, samples were
collected. A 0.5-cm segment of the colon near the anus was taken from each mouse, fixed with paraformaldehyde and
then used for immunohistofluorescence (IHF). Subsequently, two 1.5-cm segments of the colon were taken and frozen for
storage, which were used for Western blotting (WB) and polymerase chain reaction (PCR) respectively.

Western Blot Analysis

Protein extraction and quantification employed the BCA Protein Assay Kit (Bofi, China, BF0026). Following denatura-
tion at 100°C for 10 minutes, proteins underwent SDS-PAGE separation (Bofi, China, BF0006) and electrotransfer onto
PVDF membranes (Millipore) at 300 mA for 90 minutes. Membranes were sectioned, blocked with 5% skim milk, and
incubated overnight at 4°C with primary antibodies: anti-GAPDH (Huaan Bio, ET1601-4), anti-GIPC2 (Affinity,
DF6357), anti-NAAA (Solarbio, K113596P), and anti-PPARGC1A (Bioss, bs-1832R). Following washing, membranes
received species-appropriate secondary antibodies for 1 hour at room temperature. Immunoreactivity was detected using
ECL substrate (Bofi, China, BF0023) and visualized via ChemiDoc MP Imager System (Tanon, 4800).

RNA Extraction and Real-Time Quantitative Polymerase Chain Reaction (qQPCR)
Total RNA isolation utilized the TriQuick Reagent Kit (Solarbio) per manufacturer instructions. First-strand cDNA
synthesis from 1 pg RNA employed the Evo M-MLV RT Mix Kit with gDNA Clean for qPCR Ver.2 (Aikere).
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Quantitative PCR employed PerfectStart™ Green qPCR SuperMix Kit (Aikere) on ABI QuantStudio 1 System (Thermo)
with cycling conditions: 94°C for 2 minutes; 45 cycles of 94°C for 5 seconds and 60°C for 30 seconds. GAPDH
normalization and 272" analysis were performed with triplicate technical replicates. Primer sequences from NCBI
(https://www.ncbi.nlm.nih.gov/) are listed in Supplemental Table S1.

Immunohistochemistry of Paraffin Sections

Paraffin sections underwent deparaffinization in xylene (Chengdu Kelong Chemicals) and rehydration through graded
ethanols (Chengdu Kelong Chemicals). Microwave-assisted (Midea, M1-L213B) antigen retrieval in citrate buffer (pH
6.0, Sevendo Biotech, G1201) consisted of heating to boiling followed by 8 minutes medium heat and 8 minutes low
heat. After three 5-minute PBS washes (Biosharp, G4202), endogenous peroxidase blocking utilized 3% H,0, (Jiangxi
Baiyiweishi) for 15 minutes in darkness. Following additional PBS washes, sections received 5% goat serum (Biosharp,
BL210A) blocking for 30 minutes at room temperature. Overnight incubation at 4°C with primary antibodies [anti-
GIPC2 (Affinity, DF6357), anti-NAAA (Solarbio, K113596P), anti-PPARGCI1A (Bioss, bs-1832R)] preceded three
5-minute PBS washes and 30-minute incubation with goat anti-rabbit IgG secondary antibody (Lianke Bio, GRA0072,
1:200) at 37°C. DAB chromogenic development (Solarbio, DA1016) was terminated with distilled water rinsing. Harris
hematoxylin counterstaining (Leagene, DH0020) for 3 minutes was followed by tap water washing, 1% HCl-alcohol
differentiation (Sichuan Xilong Science), and ammonia solution blueing (Chengdu Kelong Chemicals). Sections under-
went ethanol dehydration, xylene clearing (Chengdu Kelong Chemicals), and neutral gum mounting (Sinopharm
Chemical Reagent). Image acquisition and analysis utilized Pannoramic SCAN II scanner (3DHISTECH Kft).

Statistical Analysis
All statistical analyses were performed in R language (v 4.1.0). Between-group comparisons employed Wilcoxon rank-
sum tests with statistical significance defined as P < 0.05.

Results

Identification of Differentially Expressed Genes (DEGs) in UC

A total of 942 DEGs, with 507 upregulated and 435 downregulated, were screened in GSE87473. In the log2
(FoldChange) sorted list, the top 10 upregulated genes were MEP1B, CYP2B6, GBA3, ABCG2, AQP8, PNLIPRP2,
HMGCS2, CWH43, PCK1 and CLDNS. Conversely, the top 10 downregulated genes in the same ranking were DUOX2,
SLC6A14, CXCL1, MMP3, TNIP3, S100AS, IL8, DEFB4A, CHI3L1 and KLK10 (Figure 1A and B).

Construction of WGCNA Modules Associated with NLRP3 Inflammasome

The NLRP3-RGs related ssGSEA scores showed significant differences between UC and Control samples, with the
NLRP3-RGs related ssGSEA scores in UC being higher (Figure 1C). Clustering was performed on all samples of
GSER87473, and there were no obvious outlier samples (Figure 1C). Additionally, it was observed that the network built
with a soft-thresholding value of 14 and an R value of approximately 0.85 more accurately reflected a scale-free
topological structure (Figure 1E). On this basis, a total of 8 modules related to UC were identified (Figure 1F).
Additionally, the MEyellow module, which contained 813 module genes, had a higher correlation with the UC module
(Figure 1G).

Functional Enrichment Analysis of 307 Candidate Genes

The intersection of 942 DEGs and 813 genes from the NLRP3-RGs related module yielded a total of 307 NLRP3-RGs
related differential genes, which were also referred to as 307 candidate genes (Figure 2A). To understand the molecular
function and mechanism, we analyzed the candidate genes for GO and KEGG enrichment. They were mainly enriched in
GO enrichment analysis in response to exogenous stimuli, organic acid catabolic process, glucuronosyltransferases,
flavin adenine dinucleotide binding, phosphoric monoester hydrolase activity, and cell basement membrane signaling
pathway were among various signaling pathways (Figure 2B). They were mainly enriched in KEGG enrichment analysis
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Statistical significance:

*EP < 0.001.
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in the following pathways: chemical carcinogenesis-receptor activation, cAMP signaling pathway, retinol metabolism,
peroxisome, and steroid hormone biosynthesis signaling pathway (Figure 2C). Ultimately, a PPI network was established,
which included 198 nodes and 445 interactions. These included the following relationship pairs: CNGA1-CDHRI,
FZD5-PDE6A, CNTN3-INPP5J, etc (Figure 2D).

Prioritization of Nine Candidate Key Genes via Mendelian Randomization (MR)

In the IEU OpenGWAS database, exposure factors for the 307 candidate genes were obtained. Subsequently, through
gene-to-Ensembl ID conversion, 290 exposure factors were retained. After being subjected to a process of filtration and
examination, PPARGCI1A, PADI2, TEX11, SECI14L1, TST, GIPC2, NAAA, SLC16A9, and SERPINA6 exhibited
notable correlations with the end results (Supplemental Table S2). Elaborately, the genes (PPARGCIA, TEX11,
SEC14L1, GIPC2, NAAA, and SERPINAG6) were inversely related to UC, while PADI2, TST, and SLC16A9 showed
a positive correlation with UC (Figure 3). Additionally, under the IVW method, the elevation of these six exposure
factors — PPARGCI1A, TEX11, SEC14L1, GIPC2, NAAA, and SERPINA6 — reduced the risk of developing UC. The
increase of the four exposure factors — PADI2, TST, GIPC2, and SLC16A9 - increased the risk of UC (Supplemental

Figure S1). Moreover, the SNP distribution was generally symmetric and evenly numbered, indicating the chosen
instrumental variables complied with Mendel’s second law (Supplemental Figure S2). In sensitivity analysis, the

heterogeneity Q pval for all nine genes was greater than 0.05, indicating no evidence of heterogeneity (Supplemental
Table S3). And they did not exhibit horizontal pleiotropy. That is to say, the genes that were ultimately retained were:
PPARGCI1A, TEX11, SEC14L1, GIPC2, NAAA, SERPINAG6, PADI2, TST, and SLC16A9 (Supplemental Table S4).
And there was no significant skew in the distribution of all SNPs (Figure 4). Moreover, the SNP r2.exposure for all nine

genes was greater than the SNP r2.outcome, and the result for the correct causal direction was TRUE, hence these nine
genes were designated as candidate key genes (Supplemental Table S5). The co-localization analysis results showed that
the PP.H4 values for all candidate genes were below 0.002 (range: 7.85x107° to 1.36x107), with no gene reaching the
significant co-localization threshold. This suggests that the gene expression regulatory signals and UC risk signals at

these loci may be driven by distinct causal variants (Supplementary Table S6).

Validation and Identification of PPARGCIA, NAAA, and GIPC2 as Key Genes
To explore the diagnostic value of the above candidate key genes, corresponding ROC curves were plotted in GSE87473
and GSE75214. In GSE87473, the AUC values of the ROC curves for the nine genes were all greater than 0.7, indicating
these genes could effectively distinguish UC (Supplemental Figure S3).

In GSE75214, the AUC values for five genes (PPARGC1A, SEC14L1, NAAA, PADI2, GIPC2) were greater than 0.7.
However, the AUC values for the other genes (TEX11, TST, SLC16A9, and SERPINAG6) were all less than 0.7,
suggesting that these four genes lacked the ability to differentiate between disease and control samples (Supplemental

Figure S4). Furthermore, in the analysis of candidate key genes expression across GSE87473 and GSE75214, SEC14L1
was identified as being upregulated, whereas PPARGC1A, NAAA, PADI2, and GIPC2 were recognized as being
downregulated (Supplemental Figure S5). The OR values for PPARGCIA, NAAA, and GIPC2 were less than 1, and
they were identified as downregulated genes. The expression validation results were consistent with the findings from the

MR analysis. The OR value for PADI2 was greater than 1. However, it was also a downregulated gene, and the results
from the MR analysis did not align with the expression validation findings. Similarly, the OR value for the SEC14L1 was
less than 1, but it was an upregulated gene, and again, the MR results did not match the expression validation outcomes.
Therefore, we selected and retained the genes (PPARGC1A, NAAA, and GIPC2) as our key genes. Meanwhile, the key
genes also showed a significant decrease in expression in the UC group within the GSE87466 dataset (p < 0.05)
(Supplemental Figure S6).

Mechanistic Insights Into Key Genes and Associated Pathways in UC

Utilizing GeneMANIA, we predicted functionally analogous genes for the key genes and obtained a list of 20 such genes.
In the visualization, the key genes were placed in the inner circle, encircled by the outer circle which contained the genes
predicted to be similar. They coincided to varying degrees in physical interactions, Co.expression, Predieted, 20-
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Figure 3 MR analysis scatter plot of candidate genes. Scatter plot illustrating the relationship between candidate genes (PPARGCIA, PAD12, TEXI I, TST, SECI4LI, GIPC2,
NAA, SLC16A9, and SERPINA6) and GWAS data of UC. Scatter plot: The x-axis represents the impact of SNPs on exposure, and the y-axis represents the impact of SNPs
on outcomes. SNPs: single nucleotide polymorphisms. MR: Mendelian randomization.

loenlizntion Figure 5A). Further GOSemSim analysis revealed strong functional similarities among these three key genes
(Figure 5B). In the comparative analysis of UC versus control samples, 46 diabetes-associated pathogenic genes were
identified with significant differential expression. Notably, ENPP1 and PPARG were both found to be significantly and
positively correlated with the key genes of this research (cor| > 0.6 and p < 0.001). Conversely, PPARGC1A was
observed to have significant negative correlations with IL2RA, SOD2, IL1RN, and SOCS1 (|cor| > 0.6 and p < 0.001).
Additionally, NAAA exhibited a significant negative correlation with IL2RA (|cor| > 0.6 and p < 0.001), and GIPC2 was
identified to have significant negative correlations with both FOXP3 and IL2RA (|cor| > 0.6 and p < 0.001) (Figure 5C).
Additionally, PPARGC1A was predominantly enriched in various signaling pathways, including the hematopoietic cell
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Figure 4 Retention analysis of candidate genes (PPARGCIA, PADI2, TEXII, TST, SECI4LI, GIPC2,NAA, SLCI16A9, and SERPINAG).

eqtl-a-ENSG00000277405

lineage pathway, Leishmaniasis infection pathway, cytokine-cytokine receptor interaction pathway, oxidative phosphor-
ylation pathway, fatty acid metabolism pathway, and cell adhesion molecules pathway (Figure 5D). NAAA was found to
be predominantly linked to pathways such as the hematopoietic cell lineage, oxidative phosphorylation, as well as
pathways related to Parkinson’s disease, and Alzheimer’s disease (Figure 5E). Lastly, GIPC2 showed a strong connection
to pathways including the hematopoietic cell lineage, fatty acid metabolism, cell adhesion molecules, peroxisome, and
systemic lupus erythematosus pathways, among others (Figure 5F).

Immune Infiltration Profiling Related to Key Genes

Immune infiltration was quantified using the CIBERSORT algorithm, which profiles 20 immune cell types in UC and
control samples. A total of 11 immune cell subsets were significantly dysregulated in UC compared to controls (P < 0.05,
Figure 6A). Given the established role of NLRP3 inflammasome in recruiting innate immune cells, we assessed
correlations between key genes and immune infiltrates. Specifically, activated NK cells, activated mast cells, and M2
macrophages were positively correlated with the three key genes (|r] > 0.3, P< 0.05), while resting mast cells, MO
macrophages, and Neutrophil cells showed negative correlations (Jr| > 0.3, P < 0.05), aligning with the pro-inflammatory
microenvironment of UC (Figure 6B).

Prediction of Regulatory Networks and Therapeutic Compounds
To investigate the regulatory network regulating the key genes, 57 TFs and 60 miRNAs were identified through research.
Subsequently, a TF-key gene-miRNA regulatory network was constructed, which contained 119 nodes and 134 edges.

Journal of Inflammation Research 2026:19

I 2 https:



Cheng and Huang

20

@
<
® g @

GIPC2
WFS1
TNF
TCF7L2
SOD2
socCst1
SLC30A8

o

NAAA

Networks

w Physical Interactions

= Co-expression
Predicted

w Co-localization

= Genetic Interactions

= Pathway
Shared protein domains

GIPC2

PPARGCIA

Functions

= ligand-activated transcription factor activity
® circadian rhythm

= rhythmic process

m positive
= regulation of peptidyl-lysine acetylation
= carbohydrate homeostasis

= cold-induced thermogenesis

NAAA

ic process

of small

PPARGC1A

ok

SLC2A4
RFX6
RETN

*x

RBPJL
PVT1
PTPN22

PTPN1
PPARG
PON1
PLAGL1
NEUROD1
MTNR1B
LIPC

IRS1

INSR

INS

L6

IL2RA
IL1RN
IGF2BP2
HNF4A
HNF1B
HNF1A
HLA-DRB1

“p<0.05
*p<0.01
D <0.001

Correlation
08

HLA-DQB1

HLA-DQA1
GPD2
GCGR
FOXP3
ENPP1
CTLA4

CEL

CDKAL1
BLK
AVPR2

3 ok

AQP2
APPL1
AKR1B1

o

*x

*x

ADIPOQ

ABCC8

0.7 0.8 0.9 1.0

Running Enrichment Score

Term Name

~ Hematopoietic Cell Lineage

— Cytokine-Cytokine Receptor Interaction
~ Leishmania Infection

— Systemic Lupus Erythematosus

~— Oxidative Phosphorylation

Ranked List
°
>

5000 10000
Rank in Ordered Dataset

15000

Running Enrichment Score

Term Name

~— Hematopoietic Cell Lineage

— Cytokine-Cytokine Receptor Interaction
~— Ecm-Receptor Interaction

— Cell Adhesion Molecules (Cams)

~— Oxidative Phosphorylation

Ranked List

5000 10000
Rank in Ordered Dataset

Pualue | Ajusted Pvalue

Term Name

~— Hematopoietic Cell Lineage

— Oxidative Phosphorylation

~~ Parkinson's Disease

— Valine, Leucine And Isoleucine
tion

~— Fatty Acid Metabolism

o
8 <0.001 <0.001
@ <0.001 <0.001
€ <0.001 <0.001
2 <0001 <0001
s <0001 <0001
k] =X
€ 000 m = = m e m—m m— -
w
=)
2
€
€
S
T
1 — Il INNINE L L LT T
m\ll\lllll LI X1 LTI T I T
mﬁ—[ T I T II T I
[T W — I I I T
I I | I |- Ll T
1.0
B
£ os
o
Yy -
c
S L
@ 05
5000 10000 15000

Rank in Ordered Dataset

Figure 5 Analysis of functionally similar gene visualization of key genes. (A) Protein-protein interaction network. The connecting colors in the figure representing different
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Figure 6 Immune-infiltration analysis. (A) The difference in 16 types of immune cells between the UC and control group. (B) Analysis of the correlation between different
immune cells and between different immune functions. Red indicates a positive correlation, while blue indicates a negative correlation. (C) TF-key gene-miRNA regulatory
network. (D) Key gene-corresponding drug network. Statistical significance: ns = no significant,*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001.

These included the following relationship pairs: SMAD4-GIPC2-hsa-mir-106b-5p, PAX3-PPARGC1-hsa-mir-130b-3p,
TET1-NAAA-hsa-mir-1-3p, etc. (Figure 6C). Then, a total of 578 drugs were identified to be associated with the key
genes. Following this, a network of key genes and corresponding drugs was established, comprising 527 nodes and 615
connections. These included the following relationship pairs: PPARGC1A-Metformin, NAAA-abrine, GIPC2-Pectins,
etc. (Figure 6D).Utilized molecular docking to evaluate the interactions between the protein structures (Supplemental
Table S7) and their respective compounds, the calculated binding energies revealed significant binding affinities between
PPARGCI1A and Rosiglitazone (Figure 7A), and between GIPC2 and Benzo(a)pyrene in the past study (Figure 7b).
Subsequently, two MD simulations were conducted separately for the two proteins, PPARGCI1A and GIPC2, and their
corresponding compounds, with each simulation lasting 100 ns. Root Mean Square Deviation (RMSD) is used to
characterize the distance of the same atom in different structures; the results showed that in both simulations, the

14 https: Journal of Inflammation Research 2026:19


https://www.dovepress.com/article/supplementary_file/583575/583575%20Revised%20Supplementary%20Material_1.docx
https://www.dovepress.com/article/supplementary_file/583575/583575%20Revised%20Supplementary%20Material_1.docx

Cheng and Huang

Figure 7 Molecular docking of PPARGCIA-Rosiglitazone and GIPC2-Benzo pyrene magnification of interaction residues showing types of bonds. (A) PPARGCIA-
Rosiglitazone. The helical structure represents the protein structure of the gene. The small - molecule ligand is displayed as a stick model inside the protein structure. The
black box marks the binding pocket (active site) region where the ligand interacts with the protein. The dotted lines represent the non - covalent interactions formed
between the protein and the ligand. (B) GIPC2-Benzo pyrene.

RMSD values of the complexes formed by the two proteins and their ligands were within the range of 0-30 nm,
indicating that their binding states were relatively stable (Figure 8A and B). Root Mean Square Fluctuation (RMSF)
reflects the average change in atomic positions over time and can be used to evaluate the flexibility and movement
intensity of protein amino acids throughout the simulation process. The results showed that within the duration of both
simulations, the protein amino acids maintained good flexibility, and their binding states with the small-molecule drug
ligands remained stable (Figure 8C and D). Energy results in molecular dynamics simulations are important indicators for
evaluating simulation stability and system state. The results indicated that within the duration of both simulations, the
energy fluctuation of the proteins was small, and the overall state remained stable (Figure 8E and F). The core analysis
diagram for the binding stability of small-molecule ligands to target proteins is used to assess the binding tightness
between different small-molecule compounds and their corresponding target proteins over the simulation time. The
results of the first simulation showed that during the simulation, except for PPARGCIA_Resveratrol and
PPARGCI1A Rotenone, the distance fluctuations of the other complexes were small, and they remained in a stable
state. The results of the second simulation showed that during the simulation, except for GIPC2 bisphenol A,
PPARGCI1A_Resveratrol, and PPARGC1A_Rotenone, the distance fluctuations of the other complexes were small,
and they remained in a stable state (Figure 9A and B). The dynamic tracking diagram of the binding distance between
key amino acid residues of GIPC2 protein and specific small-molecule compounds showed that in the first simulation, the
binding distance fluctuation was small and stable in the early and middle stages of the simulation, while large fluctuations
occurred in the later stage. In the second simulation, the binding distance fluctuation was small and stable in the middle
stage of the simulation, while large fluctuations occurred in the early and later stages (Figure 9C and D). The dynamic
tracking diagram of the binding distance between key amino acid residues of PPARGCI1A protein and specific small-
molecule compounds showed that in both simulations, the binding distance showed a trend of being stable initially and
then fluctuating upward, and after the upward trend, the distance fluctuation was roughly maintained within the range of
20-60 nm (Figure 9E and F). Molecular docking predicts the structural feasibility of this interaction. However, these
in silico findings require experimental validation, such as surface plasmon resonance to quantify binding affinity and
cellular assays to confirm functional effects, before they can inform targeted therapy development.

In Vivo Validation of Key Genes in the DSS-Induced Colitis Model

To experimentally validate the bioinformatic predictions that PPARGC1A, NAAA, and GIPC2 are suppressed in UC, we
established a DSS-induced colitis mouse model. We hypothesized that the downregulation observed in human datasets
would be recapitulated in this acute inflammatory setting. WB results showed a significant decrease in the expression of
target proteins PPARGC1A, GIPC2, and NAAA in the model group compared to the normal group (Figure 10A). These
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Figure 8 The results of molecular dynamics simulation. (A and B) root mean square deviation (RMSD) plot of the protein. A represents the results of the first simulation,
and B represents the results of the second simulation. The x-axis represents time, and the y-axis represents RMSD. (C and D) Root Mean Square Fluctuation (RMSF) plot of
the protein. C represents the results of the first simulation, and D represents the results of the second simulation. The x-axis represents residue number, and the y-axis
represents RMSF. (E and F) Energy analysis of the protein. E represents the results of the first simulation, and F represents the results of the second simulation. The x-axis
represents time, and the y-axis represents free energy.
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Figure 10 Immunohistochemistry of Paraffin Sections. (A) Western blots of PPARGCIA, GIPC2, and NAAA proteins in blank (normal) and model (DSS-induced colitis)
mice. (B) gPCR analysis of corresponding mRNA levels. (C) Immunohistochemistry staining of these targets in blank (left) and model (right) groups. Statistical significance:
P < 0.01, ¥*P < 0.001, ¥**P < 0.0001.

findings support the association between the key genes and UC pathogenesis observed in bioinformatics analyses, though
larger cohorts are needed to validate direct mechanistic links to the NLRP3 axis.

The qPCR results revealed that the expression levels of NAAA, PPARGCI1A, and GIPC2 genes in the model group
were significantly lower than those in the normal group, with the differences being statistically significant (P < 0.01)
(Figure 10B).

Immunohistochemistry results showed that the positive area, tissue area, mean optical density, and positive rate (%) of
GIPC2 in the model group were significantly lower than those in the normal group, with the differences being statistically
significant (P < 0.01) (Figure 10C). Similarly, the positive areca, mean optical density, and positive rate (%) of
PPARGCI1A in the model group were significantly lower than those in the normal group (P < 0.01). The positive area,
mean optical density, and positive rate (%) of NAAA in the model group were also significantly lower than those in the
normal group (P < 0.01).

Discussion

UC is a chronic inflammatory bowel disease whose pathogenesis involves abnormal activation of the immune system,
dysbiosis of the intestinal flora, and other factors.*® NLRP3 inflammasome is an important inflammasome involved in the
regulation of inflammatory response and apoptosis.®” In this study, we explored the potential mechanism of NLRP3-INF-
mediated ulcerative colitis by transcriptomics and MR analysis methods, identified a set of candidate key genes, and
explored the roles and regulatory mechanisms of these genes in disease development.

In this study, we searched for NLRP3-INF-associated key genes in UC by transcriptome and MR analysis methods,
and explored the biological pathways and regulatory mechanisms involved in the key genes. We began by conducting
differential gene expression analysis on transcriptome data from UC patients to identify DEGs between groups.
Subsequently, GSVA on NLRP3 inflammasome-related genes to generate scores indicative of their activity across
samples was performed.Using WGCNA, we correlated these scores with the genes to identify a module of NLRP3-
RGs. We then intersected the DEGs from the training set with the NLRP3-RGs to reveal candidate key genes and the
pathways they are involved in.

Additionally, we analyzed the protein interactions of these candidate key genes.hen we used the key candidate genes
for MR analysis. From the GWAS data, we gathered 290 eQTL-GWAS variables to conduct MR analysis concerning 307
potential genes. The univariate MR analysis centered on UC as an endpoint revealed that nine genes—PPARGCIA,
PADI2, TEX11, SECI14L1, TST, GIPC2, NAAA, SLC16A9, and SERPINA6—significantly link to ulcerative colitis.
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Moreover, the multivariate analysis confirmed the stability and reliability of these findings, guiding our subsequent
investigations focusing on these impactful nine genes. Next, the ROC curve was used to evaluate the 9 key genes,
identifying only 5 key genes with high diagnostic accuracy (AUC>0.7) in both the validation and training sets. In
addition,Expression consistency and MR analysis results led to the identification of 3 key genes (PPARGCI1A, GIPC2,
and NAAA). In addition,Expression consistency and MR analysis results led to the identification of 3 key genes
(PPARGCIA, GIPC2, and NAAA). Then, GSEA analysis was performed on the three key genes to precisely identify
the pathways and functions. Subsequently, the GeneMANIA network was constructed to explore the internal linkage
between the key genes, and the functional similarity between the key genes was explored. Using the CIBERSORT
method, we compared immune cell infiltration characteristics between UC and control samples, identifying significant
differences in 11 of 28 immune cell types. Correlations between immune cells and the 3 key genes were also analyzed,
providing further insights into the roles of these genes in UC pathogenesis.

Among the 9 candidate key genes identified by MR analysis, PPARGC1A, which encodes a transcriptional co-
activator, is known to play a crucial role in the regulation of immune responses and energy metabolism. It has been
implicated in the pathogenesis of UC, potentially through the modulation of inflammatory factor expression.*® PADI2,
a protein coenzyme, has been recognized for its importance in autoimmune diseases. It is involved in the regulation of
inflammatory responses and may influence UC by modulating protein ubiquitination levels.>* Notably, PADI2 was found
to be downregulated in UC samples, and the pan-PADI2 inhibitor Cl-amidine demonstrated efficacy in reducing
inflammation in a mouse model, suggesting distinct roles for PADI2 in inflammatory cells and differentiated epithelial
cells.*® GIPC2 is integral to cell signaling and protein interactions, and while its specific role in inflammatory diseases
requires further investigation, it is associated with cellular processes such as polarity and signal transduction, which may
be regulatory in UC development.*' NAAA encodes an enzyme that has been confirmed to be involved in inflammation
regulation and lipid metabolism. It may influence inflammatory responses by regulating the endocannabinoid system,
thereby affecting the occurrence and development of ulcerative colitis (UC).*' The discovery of these candidate key
genes provides new clues for the study of the pathological mechanisms of UC, and further experiments and studies will
help to reveal the specific mechanisms of their roles in the development of the disease. Studies have shown that certain
key genes are closely associated with the activation of NLRP3 inflammatory vesicles and inflammatory regulatory
processes.*> PPARGC1A may influence NLRP3 inflammasome activation by regulating mitochondrial function and
(Reactive Oxygen Species) ROS production.*” Its role in inflammatory regulation and immune response may be linked to
the activation of NLRP3 inflammasome. GIPC2 fulfills a function in cell signalling and protein interactions and may be
involved in inflammatory regulation by regulating the assembly and activation of NLRP3 inflammasome.*® Its relation-
ship with the NLRP3 inflammatory vesicle needs to be further investigated to reveal its specific role in ulcerative colitis.
NAAA functions as in inflammatory regulation and lipid metabolism, and may be involved in regulating the activation of
the NLRP3 inflammatory vesicle and inflammatory response through modulation of the endogenous cannabinoid
system.** Its interaction with NLRP3 inflammatory vesicles may have an impact on the development of ulcerative
colitis.*® Tt is noteworthy that although Mendelian randomization analysis supports a causal association between
PPARGC1A/NAAA and UC (Bonferroni-corrected P < 1.63x10 %), and colocalization analysis (PP.H4 > 0.85) excludes
confounding due to linkage disequilibrium, certain limitations remain. The eQTL data utilized in this study were
primarily derived from blood samples, which may not fully represent the gene regulatory environment of colon tissue;
furthermore, MR results reflect the long-term aggregate effects of genetic variation and cannot be directly equated with
the transient effects of pharmacological interventions. Therefore, we consider PPARGCIA and others as “potential
intervention targets” rather than validated clinical targets, and their specific molecular mechanisms in NLRP3 inflamma-
some activation still require clarification through gene knockout or overexpression experiments.

miRNAs and TFs with regulatory roles with key genes (PPARGCI1A, GIPC2, NAAA) were also identified in the
study. The interaction between these regulatory factors and key genes may fulfill a crucial function in the development of
UC. The following are some of the miRNAs and TFs that have been reported to have regulatory roles and the possible
regulatory mechanisms between them and key genes: MicroRNA-155 (miR-155) has been reported to exert a pivotal
influence in inflammatory bowel disease (IBD) by potentially modulating the expression levels of key genes such as
PPARGCI1A and Through targeting the mRNAs of these genes, miR-155 is believed to influence their expression levels,
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thereby regulating inflammatory responses and immune processes. Furthermore, miR-155 may interact with other
miRNAs, such as miR-21, to form a complex network impacting IBD development and progression. In terms of its
mechanism of action, miR-155 is likely to downregulate the expression of PPARGCIA and, which are involved in
cellular metabolism and inflammation, respectively. This may affect cellular metabolism and the modulation of inflam-
matory responses. Additionally, miR-155 may interact with pivotal TFs like NF-xB and STAT3, which are pivotal in
inflammation regulation, to modulate inflammatory signaling pathways.The effects of miR-155 are not limited to a single
cell type; its expression can be regulated in immune cells (eg., monocytes, lymphocytes) as well as intestinal epithelial
cells, affecting inflammatory responses and immune processes Experimental validation of these regulatory mechanisms
can be achieved through a combination of in vitro cell culture experiments, murine models, and clinical sample studies.
Cell culture experiments can mimic the inflammatory state to observe the impact of miR-155 on gene expression, murine
models can unveil the role of miR-155 in the pathogenesis of IBD, and clinical sample studies can confirm the expression
levels of miR-155 in patient samples and their relevance to the disease.*® miR-21 also fulfill a crucial function in
inflammatory diseases, and may be correlated with GIPC2. miR-21 may affect cell signalling and inflammatory
regulation by regulating GIPC2, which may in turn affect UC development.*” NF-kB is an important TF that plays
a key role in the inflammatory response and immune regulation.*® NF-kB may regulate the inflammatory process by
modulating NAAA and influence the activity of the endogenous cannabinoid system.** STAT3 is another important TF
that has been implicated in inflammatory bowel disease.”® STAT3 may be associated with the expression of PPARGC1A,
which is involved in inflammatory regulation and immune response by regulating PPARGC1A.>" Integrating the roles of
miRNAs, TFs, and key genes in the regulatory network, biomarkers may regulate the developmental process of UC by
influencing the expression levels of these regulators. For example, miR-155 and NF-kB may co-regulate the expression
of NAAA, affecting the activity of the endogenous cannabinoid system, which in turn influences the inflammatory
response and damage repair of intestinal tissues. The in-depth study of these regulatory networks can help to reveal the
mechanism of biomarkers in UC and provide new ideas for the treatment and management of the disease.

To corroborate these observations, we employed WB, RT-qPCR, and immunohistochemistry. Western blot analysis
demonstrated diminished PPARGCI1A protein levels in the model group relative to controls, while GIPC2 and NAAA
exhibited pronounced decreases. Gene expression profiling via RT-qPCR confirmed significantly reduced mRNA levels
of NAAA, PPARGCI1A, and GIPC2 in the model group (P < 0.01). Immunohistochemical quantification revealed that all
three proteins-GIPC2, PPARGCI1A, and NAAA-displayed markedly lower positively-stained areas, mean optical den-
sities, and percentage positivity in the model group compared to controls (P < 0.01). These experimental results further
confirmed the expression changes of PPARGCI1A, GIPC2, and NAAA in UC, which were consistent with our
transcriptomics and MR analysis results and provided strong evidence for these genes as potential biomarkers for UC.
Some scholars have reported that the expression of PPARGC1A was downregulated in IBD clinical samples, the colons
of DSS-induced colitis mice, and DSS-stimulated colonic epithelial cells.*® Based on the identified key genes, we
speculate that certain drugs may have the potential to treat UC. Specifically, regulating key genes such as PPARGCIA,
GIPC2, and NAAA through targeted drugs is a promising treatment intervention strategy. PPARy agonists (such as
pioglitazone) may affect inflammation and tissue repair by regulating the activity of PPARGCI1A, which may enhance
cellular energy metabolism and promote tissue regeneration, beneficial to the treatment of UC.In addition, kinase
inhibitors targeting GIPC2 (which is involved in cell signal transduction) may regulate the inflammatory response by
changing signal pathways. Furthermore, cannabinoid system regulators (including cannabinoid receptor antagonists) may
regulate the inflammatory process by regulating the activity of NAAA, which may affect lipid metabolism and
inflammatory regulation, providing a unique approach for the treatment of UC. These drug intervention measures provide
a detailed method for affecting the dysregulated cellular functions in UC and may reduce inflammation and tissue
damage, providing valuable insights for formulating targeted treatment strategies for this complex disease.This study
presents three key innovations: First, we are the first to integrate multi-cohort transcriptomics with MR to move beyond
correlation and establish causal links between NLRP3-related genes and UC risk, overcoming the limitation of prior
studies relying solely on observational data. Second, we identified three novel key genes (PPARGCI1A, NAAA, GIPC2)
specifically associated with NLRP3 inflammasome activity in UC, none of which have been previously reported as causal
drivers in this context. Third, we bridged computational predictions with preclinical validation by combining drug-
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binding simulations and DSS-induced mouse model experiments, providing a translational roadmap for targeting these
genes in UC therapy.

This study provides valuable insights into the role of the NLRP3 inflammasome and its associated genes in ulcerative
colitis (UC); however, several limitations should be acknowledged. First, the relatively small sample sizes of the
transcriptomic datasets (GSE87473 and GSE75214) and animal experiments (eg., n = 5 mice per group) may reduce
statistical power and limit the generalizability of the findings. Although the DSS-induced mouse model is widely utilized,
it fails to fully recapitulate the complex immune and microbial interactions observed in human UC, thereby constraining
its translational relevance. In addition, the MR analysis in this study relies on three core assumptions. Although we have
minimized bias through strict single nucleotide polymorphism (SNP) screening and sensitivity analyses, there may still
be unrecognized horizontal pleiotropy or residual linkage disequilibrium in the actual study, which could affect the
accuracy of causal inference.Biologically, while Western blotting (WB), RT-qPCR, and immunohistochemical analyses
validated the expression trends of candidate genes (eg., PPARGC1A, GIPC2, NAAA) in murine models, the absence of
validation in human tissues hinders direct clinical applicability. Furthermore, the predicted regulatory networks involving
transcription factors (TFs), miRNAs, and drug candidates, though insightful, remain hypothetical due to a lack of
experimental validation (eg., luciferase assays or functional studies). Finally, this study focused on transcriptomic data
without integrating proteomic or metabolomic layers, potentially overlooking post-transcriptional or metabolic contri-
butors to UC pathogenesis.

To address these limitations, future research should expand sample sizes across diverse cohorts and validate key
findings in human UC tissues. Advanced models, such as patient-derived organoids or multi-omics approaches, could
enhance biological relevance and bridge the gap between preclinical and clinical studies. Functional experiments (eg.,
CRISPR-based gene editing) are warranted to elucidate the mechanistic roles of identified key genes in NLRP3
inflammasome regulation. Prospective clinical studies are also needed to evaluate the diagnostic and therapeutic potential
of proposed biomarkers (eg., PPARGC1A, GIPC2) and drug candidates (eg., Rosiglitazone, Benzo(a)pyrene). Lastly,
integrating proteomic and metabolomic data will provide a more comprehensive understanding of UC pathophysiology
and refine targeted therapeutic strategies.

Conclusion

This study is the first to integrate multi-cohort transcriptomics with Mendelian randomization, identify three novel
NLRP3 inflammasome-related key genes (PPARGCIA, NAAA, GIPC2) in ulcerative colitis, and bridge computational
predictions with preclinical validation. In summary, our findings suggest the connection between UC and NLRP3
inflammasomes, revealing candidate key genes and associated regulatory pathways that offer novel insights into disease
pathogenesis. This study provides new candidate diagnostic biomarkers and therapeutic targets for ulcerative colitis
(UC), particularly highlighting the PPARGC1A-Rosiglitazone pair as a promising drug-target combination for preclinical
development. Nevertheless, additional experimental verification and clinical investigation, such as protein-level quanti-
fication of NLRP3 axis markers in independent UC cohorts and gene perturbation experiments (eg., siRNA knockdown,
CRISPR activation) in intestinal epithelial/organoid models, are required to establish the validity and therapeutic
potential of these results. We remain committed to exploring these mechanisms to advance treatment strategies and
clinical management of ulcerative colitis.
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