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Background: Peri-implantitis (PI) is a prevalent complication of implant treatment. Pyroptosis, a distinctive inflammatory pro-
grammed cell death, is crucial to the pathophysiology of PI. Despite its importance, the pyroptosis-related genes (PRGs) influencing
PI’s progression remain largely unexplored.

Methods: This study conducted histological staining and transcriptome analyze from three datasets. The intersection of differentially
expressed genes (DEGs) and PRGs was identified as pyroptosis-related differentially expressed genes (PRDEGs). Functional enrich-
ment analyses were conducted to shed light on potential underlying mechanisms. Weighted Gene Co-expression Network Analysis
(WGCNA) and a pyroptotic macrophage model were utilized to identify and validate hub PRDEGs. Immune cell infiltration in PI and
its relationship with hub PRDEGs were also examined. Furthermore, consensus clustering was performed to identify new PI subtypes.
Protein-protein interaction (PPI) network, competing endogenous RNA (ceRNA) network, mRNA-mRNA binding protein regulatory
(RBP) network, and mRNA-drugs regulatory network of hub PRDEGs were also analyzed.

Results: Eight hub PRDEGs were identified: PGF, DPEPI, IL36B, IFIHI, TCEA3, RIPK3, NET7, and TLR3, which are instrumental
in the PI’s progression. Two PI subtypes were distinguished, with Cluster 1 exhibiting higher immune cell activation. The exploration
of regulatory networks provided novel mechanisms and therapeutic targets in PI.

Conclusion: Our research highlights the critical role of pyroptosis and identifies eight hub PRDEGs in PI’s progression, offering
insights into novel immunotherapy targets and laying the foundation for advanced diagnostic and treatment strategies. This contributes
to our understanding of PI and underscores the potential for personalized clinical management.
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Introduction

Peri-implantitis (PI), an inflammatory disease mainly induced by bacterial infection, has been recognized as a primary
culprit for implant treatment failure.! The prevalence of this disease in the population receiving implant treatment is
alarming. Investigations indicate that among those who have undergone such treatment, 60% suffer from peri-implant
mucositis, and 15% are afflicted with PL.* The early symptoms of inflammation around dental implant present as mucosal
inflammation, with red and swollen gums and bleeding on probing. As the disease progresses, it could lead to alveolar
bone resorption, loss of bone-implant osseointegration, ultimately resulting in the loosening and detachment of the
implant.> Recent studies have highlighted the potential roles of biomarkers and mediators in the pathogenesis and
progression of periodontitis and peri-implantitis, notably NT-PRO-BNP and TGF-f1. NT-PRO-BNP, traditionally
associated with cardiac function assessment, has been observed to reflect systemic inflammatory responses that may
influence periodontal disease progression.* Similarly, TGF-betal, known for its critical functions in tissue repair and
immune regulation, has been implicated in the pathogenesis of periodontitis and peri-implantitis, suggesting its involve-
ment in the inflammatory response in periodontal diseases.’
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Pyroptosis, also known as inflammatory cell death, is a form of programmed cell death characterized by cell
swelling, rupture of the cytoplasmic membrane, and release of cellular contents, which could lead to the generation of
inflammatory response.® The classical pyroptosis mechanism involves the formation of inflammasomes, whereby
activated Caspase-1 cleaves the gasdermin D (GSDMD) protein. This results in the formation of an active
GSDMD-N fragment. GSDMD-N then induces the formation of pores on the cell surface, subsequently leading to
pyroptosis.’

Cell pyroptosis is an important pathological process involved in many diseases, such as infectious diseases,®

%10 and cardiovascular diseases.'' Therefore, analyzing its mechanism could facilitate a deeper

autoimmune diseases,
understanding of the pathological process of these diseases and the research for new treatment methods. In infectious
diseases, many pathogens, such as bacteria and viruses, can trigger host cell pyroptosis by activating NLRP3
inflammasome.'? This not only eliminates the pathogens, but also stimulates the release of inflammatory cytokines
such as IL1B, which further mobilizes immune cells and amplifies the host’s immune response. Nevertheless, this process
also exacerbates cell death and tissue destruction.

Currently, increasing attention is being directed towards understanding the role of cell pyroptosis in PI. Chen et al
reported elevated expression of pyroptosis-related markers, Caspase-3 and GSDMD-E, in the soft tissue affected by PI."?
Furthermore, Yang et al noted the presence of activated inflammasomes and occurrences of cell pyroptosis in cases of
alveolar bone loss caused by inflammation.'* Additional cellular studies have demonstrated that pyroptosis occurs when
gingival fibroblast'> and macrophages'® are subjected to inflammatory stimuli. However, to date, no studies have
elucidated the expression of key genes related to pyroptosis, the regulation of signaling pathways, and immune cell
infiltration during the progression of PIL.

The role of cell pyroptosis in PI remains largely unexplored, necessitating further research to clarify its
implications. As PI significantly impacts patients’ oral health and quality of life, understanding its pathogenesis
is crucial for enhancing clinical treatments. Investigating the alterations in pyroptosis-related genes with PI could
lead to the identification of novel diagnostic markers and therapeutic avenues, ultimately improving clinical
management and patient outcomes. In this study, we employ a comprehensive methodology to clarify the key
genes involved in cell pyroptosis, the regulation of signaling pathways, disease subtypes and immune cell
infiltration in PI. Our primary hypothesis is that cell pyroptosis plays an important role in the progression of PI,
enhancing immune cell infiltration and promoting the onset and development of inflammation. The aim of this study
is to elucidate the role of cell pyroptosis-related genes in the progression of PI, with the ultimate goal of enhancing
the diagnostic process and informing the development of personalized clinical management strategies for PI and its

subtypes.

Materials and Methods

Tissue Acquisition

We collected clinically diagnosed PI and healthy peri-implant soft tissue samples. For PI samples, the inclusion criteria
were clinical signs of inflammation, bleeding on probing or suppuration, and radiographic crestal bone loss > 3 mm;'” the
exclusion criteria was radiographic crestal bone loss < 3mm. We obtained PI soft tissues using an inverse bevel incision
technique that extended to the base of peri-implant pocket. For healthy samples, the inclusion criteria were absence of
erythema, bleeding on probing, swelling and suppuration, and no radiographic bone loss; the exclusion criteria were signs
of erythema, bleeding on probing, swelling and suppuration, or radiographic bone loss. We collected healthy samples
during the second-stage implant surgery. The soft tissue located above the implant was harvested using a trephine drill
upon exposure of the implant platform.'*'® This study was approved by the Ethics Committee of School & Hospital of
Wuhan University, approval number: 2023(A25). Informed consents were obtained from all patients prior to the

collection of clinical samples.
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Immunohistochemical and Immunofluorescence Analysis

Both immunohistochemical (IHC) and immunofluorescence (IF) analyses were performed on PI and healthy soft tissue
samples to investigate the expression of pyroptosis markers GSDMD, Caspase-1, and IL1B proteins. For both analyses,
tissue sections were prepared and subjected to antigen retrieval. Sections were then incubated overnight at 4°C with
primary antibodies specific to the respective proteins. After rinsing, secondary antibodies were applied.

In the THC analysis, secondary antibodies conjugated with a chromogen were used to detect GSDMD protein
expression. Staining intensity was measured using image analysis software with a standardized scoring system, and
statistical analysis was performed to assess significant differences in GSDMD expression between inflamed and healthy
tissues. In the IF analysis, fluorescent secondary antibodies were applied to visualize Caspase-1 (red fluorescence) and
IL1B (green fluorescence). Cell nuclei were stained with DAPI (blue). The stained sections were observed under
a fluorescence microscope.

Dataset Acquisition and Preprocessing

The Pl-related datasets GSE33774,'° GSE 106090,2° GSE 576312! were downloaded from the GEO database using the
R package GEOquery.** These datasets are derived from Homo sapiens. Specifically, GSE33774 comprises 7 PI samples
and 8 healthy control samples, GSE 107090 consists of 6 PI samples and 6 control samples, and GSE57631 contains 6 PI
samples and 2 control samples. All PI and control samples from these datasets were included in this study. To address
batch effects, the R package sva was utilized to perform batch correction on the GSE33774, GSE106090, and GSE57631
datasets.”® This process resulted in the generation of an integrated dataset containing 19 PI samples and 16 control
samples. Finally, the integrated dataset was processed using the R package limma, applying probe annotation and
standardization techniques for normalization.

Pyroptosis-related genes were collected from the GeneCards®* and GSEA databases.”> Using “Pyroptosis” as the
keyword, “Protein Coding” genes were retained from GeneCards, yielding 338 genes. The GSEA database search with
the same keyword resulted in 27 genes from the REACTOME PYROPTOSIS dataset. After merging and removing
duplicates, a final set of 338 pyroptosis-related genes was obtained. See Table S1 for details.

Differentially Expressed Genes (DEGs) Associated with PI

Using the previously defined groups (PI and control) within the integrated dataset, differential gene expression analysis
was conducted using the R package DESeq2.%® The threshold for differentially expressed genes (DEGs) was set as |
logFC| > 0.5 and p-value < 0.05. To identify Pl-associated pyroptosis-related differentially expressed genes (PRDEGs),
we intersected all DEGs from the integrated dataset with pyroptosis-related genes, visualized in a Venn diagram.
Differential expression results were further depicted with a volcano plot and heatmap using the R package ggplot2

and pheatmap, respectively, and a chromosome location was plotted with RCircos.?’

Gene Ontology and Kyoto Encyclopedia of Genes and Genomes Enrichment Analysis
The functional enrichment of PRDEGs was investigated using Gene Ontology (GO) and Kyoto Encyclopedia of Genes
and Genomes (KEGG) analyses. GO analysis, which includes Biological Process (BP), Molecular Function (MF), and
Cell Component (CC), is an established method for genome function studies.”® KEGG is a comprehensive database
covering genomic information, biological pathways, diseases, and more.*’ We used the R package clusterProfiler for both
GO and KEGG analyses,* selecting enriched entries with a p-value and false discovery rate (FDR) of less than 0.05,
corrected using the Benjamini-Hochberg method. The resulting enriched KEGG pathways were visualized with the
R package Pathview.’!

Gene Set Enrichment and Variation Analysis of the Integrated Dataset

We performed both Gene Set Enrichment Analysis (GSEA)*® and Gene Set Variation Analysis (GSVA)**> on the
integrated dataset to assess the contribution and variation of pre-defined gene sets across samples. GSEA was performed
using the R package clusterProfiler and p-value adjustment method = Benjamini-Hochberg. The gene sets were based on
the c2.cp.v7.2.symbols.gmt collection from the Molecular Signatures Database (MsigDB).* Significantly enriched gene
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sets were identified with adjust p-value < 0.05 and FDR < 0.25. Subsequently, GSVA was performed using the h.all.v7.4.
symbols.gmt gene set from the MsigDB to evaluate differences in pathway enrichment between PI and control groups.
Significant enrichment was determined by p-value < 0.05.

Weighted Gene Association Network Analysis

Weighted correlation network analysis (WGCNA) identifies gene sets displaying coordinated changes and potential
biomarker genes based on their connectivity within gene sets and association with phenotypes. Using the R package
WGCNA,* we performed WGCNA on the integrated dataset, first calculating pairwise correlation coefficients
between any two genes and adjusting the connectivity between genes to form a scale-free network. We then
constructed a hierarchical clustering tree, with different branches representing different gene modules. Module
significance was calculated. The minimum module size was set to 25, the optimal soft threshold was 15, and the
module merge cut height was set to 0.2, and the minimum distance was set to 0.2. The correlation between the PI
group, the control group and different modules was measured, and the genes within each module were considered
module eigengenes. We selected the top two modules with the largest |cor value|, and visualized the intersection of
all genes within each module and the PRDEGs using Venn diagrams. Intersection genes were considered hub
PRDEGs.

Pyroptotic Macrophage Model Construction and Verification

The THP-1 cells were cultured in RPMI-1640 medium at 37°C, 5% CO,, and macrophages differentiation was induced
with 100 ng/mL phorbol 12-myristate 13-acetate for 24h. Afterwards, cells were divided into two groups: inflammation-
induced group treated with 1 pg/mL LPS (Sigma-Aldrich) for 5.5 h and 5 mM ATP (PeproTech) for 0.5 h, and a control
group refreshed with culture medium.

For verification, both groups underwent a CCK-8 assay at 2h, 4h, and 12h post-treatment to evaluate cell viability and
proliferation. Additionally, a Western blot analysis was conducted on pyroptosis marker proteins. Cells were harvested
and lysed, protein concentration was measured, and equal amounts of protein underwent SDS-PAGE and transferred to
a PVDF membrane. The membrane was incubated with primary antibodies against NLRP3 (1:1000, Abclonal) and ASC
(1:1000, Abclonal), followed by HRP-conjugated secondary antibodies. Protein bands were visualized and quantified,
with relative protein expression levels of NLRP3 and ASC normalized to GAPDH. Statistical analysis was employed to
determine significant differences between the groups.

Quantitative Reverse Transcription Polymerase Chain Reaction (qQRT-PCR) Analysis
Macrophage RNA was extracted using the HP Total RNA Kit (Omega Bio-Tek, Norcross, GA, USA) and reverse
transcribed into cDNA with the HiScript II qRT SuperMix II (Vazyme, Nanjing, China). The cDNA was amplified on the
QuantStudio 6 Flex System (Thermo Fisher Scientific, USA) using the ChamQ Universal SYBR qPCR Master Mix
(Vazyme). GAPDH- normalized relative expression levels were determined using the 2-AACT method. Primer sequences
are listed in Table S2. Data is represented as mean + standard deviation, and statistical comparisons were made using
Student’s r-test, with a significance threshold of P < 0.05.

Consensus Clustering and ROC Curve Validation of Pl Subtypes

We employed a resampling-based algorithm, consensus clustering,’ to identify and validate robust subgroups within PI
samples using the R package ConsensusClusterPlus.*® By leveraging sampling-induced variability, we performed multi-
ple iterations on a subset of the dataset to measure clustering stability and inform parameter decisions, then identified
distinct disease subtypes of PI based on hub PRDEGs. Furthermore, we validated these findings by plotting Receiver
Operating Characteristic (ROC) curves for each hub PRDEG against the subtypes using the R package pROC.?” This
graphical analysis tool allowed us to comprehensively assess the relationship between sensitivity and specificity of the
hub genes in differentiating the PI subtypes.
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Immunocytes Infiltration Analysis

We used the R package IOBR to compute the ESTIMATE immune and stromal scores for the integrated dataset.’®
ESTIMATE algorithm quantifies the immune and stromal components by calculating the immune score, stromal score,
and ESTIMATE score based on the expression matrix.

Following this, we employed Single-Sample Gene-Set Enrichment Analysis (ssGSEA) to quantify the relative
abundance of immune cell infiltration. Firstly, we identified and labeled various immune cell types.*® Then, leveraging
the ssGSEA analysis, we calculated the enrichment scores to represent the relative abundance of immunocyte infiltration
in each sample. Finally, the R package ggplot2 was employed to generate separate group comparison plots for these
immune infiltration analyses, demonstrating the expression differences in the subgroups of PI samples in the integrated
dataset.

Consolidated Analysis of Regulatory Networks of Hub PRDEGs

The regulatory networks involving hub PRDEGs were explored using various resources. First, a Protein-Protein
Interaction (PPI) network was built utilizing the STRING database, representing interactions among proteins with
a minimum required interaction score above 0.150.*° Next, we analyzed the Competing Endogenous RNA (ceRNA)
network, which encapsulates the interactions between miRNAs, IncRNAs, and hub PRDEGs. We obtained miRNAs
related to hub PRDEGs and IncRNAs associated with these miRNAs from the StarBase database,*' leading to the
construction of the ceRNA network.

Further, we constructed mRNA-RNA-Binding Protein (RBP) and mRNA-drug networks. RBPs are crucial regulators
in gene regulation,** and we predicted the target RBPs for hub PRDEGs using the StarBase database. Lastly, by
leveraging the Comparative Toxicogenomics Database (CTD), we predicted direct and indirect drug targets of hub
PRDEGs to understand the interactions between hub PRDEGs and potential therapeutic agents.*> All these PPI, ceRNA,
mRNA-RBP, and mRNA-drug networks, were visualized using Cytoscape software.**

Statistical Analysis

All data processing and analyses in this article were performed using R software (version 4.2.0). Continuous variables are
presented as mean + standard deviation. The comparisons between two groups of continuous variables were conducted
using Wilcoxon Rank Sum Test. Comparisons between two groups of categorical variables were conducted using Chi-
square test or Fisher’s exact test. Unless otherwise specified, the results were calculated by Spearman correlation analysis
for correlation coefficients between different molecules expression. All results were determined by p value < 0.05 as the
criterion for significant difference.

Results

Subsection Histological Staining
The flow chart for the comprehensive analysis is illustrated in Figure 1. Histological staining was performed on the
collected peri-implant soft tissues. Figure 2A presents a schematic diagram of the method used to obtain soft tissue from
around the implant. Hematoxylin and eosin (H&E) staining results revealed extensive immune cell infiltration in the PI
group. IHC staining demonstrated that the expression of the pyroptosis marker gene GSDMD was significantly elevated
in the soft tissues of the PI group compared to the control group (Figure 2B). Quantitative analysis of the IHC GSDMD
staining results at 20x magnification revealed its significant overexpression in the PI group (Figure 2C).

In the immunofluorescence staining, the pyroptosis-related genes IL1B and Caspase-1 were notably brighter in the PI
group, indicating their higher expression in PI tissue (Figure 2D). These results demonstrated that the pyroptosis marker
proteins GSDMD, IL1B, and Caspase-1 are overexpressed in PI tissue.

Data Integration of Pl Datasets
After integrating PI datasets GSE33774, GSE106090, and GSE57631, we evaluate the effectiveness of batch effect
removal. Both the distribution boxplots (Figure SIA and B) and the 3D Principal Component Analysis (PCA) plots
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Figure | Flow Chart for the Comprehensive Analysis of PRDEGs of Pl. “*” denotes p-value < 0.05, “**” denotes p-value < 0.0, “***” denotes p-value < 0.001, ‘"
denotes p-value < 0.0001.

Abbreviations: Pl, peri-implantitis; HE, Hematoxylin and eosin; IHC, Immunohistochemistry; IF, Inmunofluorescence; DEGs, Differentially expressed genes; GSEA, Gene
set enrichment analysis; GSVA, Gene set variation analysis; WGCNA, Weighted gene co-expression network analysis; PRDEGs, pyroptosis-related differentially expressed
genes; GO, Gene ontology; KEGG, Kyoto encyclopedia of genes and genomes; CCK-8, Cell counting kit-8; ROC, Receiver operating characteristic; PPl network, Protein-
protein interaction network; ceRNA network, Competing endogenous RNA network; RBP, RNA-binding protein.
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Figure 2 Clinical sample collection and histological staining analysis. (A) Diagram illustrating the collection of inflamed tissue and healthy tissue. (B) HE and GSDMD IHC
staining results. Scale bars represent 100 pm and 50 pm for images at 10x and 20x magnification, respectively. (C) Quantitative comparison of GSDMD IHC staining areas at
20x magnification. (D) IF staining of ILIB (green), Caspase-| (red), and cell nuclei (blue) in samples. Scale bar = 200 pm. “***” denotes p-value < 0.0001.
Abbreviations: Pl, peri-implantitis; GSDMD, Gasdermin D; HE, Hematoxylin and eosin; IHC, Immunohistochemistry; IF, Immunofluorescence.

(Figure S1C and D) indicated that the batch effects in the integrated dataset were largely eliminated after the removal
process. Following this, we conducted a differential gene expression analysis between PI and control groups, which
revealed 1483 DEGs, including 753 upregulated and 730 downregulated genes (Figure 3A). Further intersection with
pyroptosis-related genes identified 23 PRDEGs (Figure 3B). The expression differences between different groups within
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Figure 3 Differential Gene Expression Analysis in the integrated dataset. (A) Volcano plot of DEG analysis between Pl and control groups. (B) Venn diagram of DEGs and
PRGs in the integrated dataset. (C) Heatmap of correlation among PRDEGs in the integrated GEO dataset. (D) Chromosomal localization of PRDEGs. Blue represents the
Normal control group, and red represents the Pl group.

Abbreviations: DEGs: Differentially expressed genes; PRG: Pyroptosis-related genes.

the integrated dataset were visualized using a heatmap (Figure 3C). The genomic locations of these PRDEGs were also
examined, revealing specific associations with multiple chromosomes (Figure 3D).

GO and KEGG Functional Enrichment Analysis of PRDEGs

Functional enrichment analysis of the 23 PRDEGs revealed significant association with several BP, MF, CC, and
pathways, and the specific results were shown in Table S3. The PRDEGs were primarily enriched in BP such as
I-kappaB kinase/NF-kappaB signaling, positive regulation of interferon-beta production, response to reactive oxygen
species, regulation of I-kappaB kinase/NF-kappaB signaling, and T cell homeostasis. Enrichment in CC was observed in
the mitochondrial outer membrane, organelle outer membrane, and outer membrane. MF showed enrichment in scaffold
protein binding, phospholipid binding, channel inhibitor activity, protein phosphatase 2A binding, and double-stranded
RNA binding. Additionally, the PRDEGs were found to be highly associated with Hepatitis B, NOD-like receptor
signaling pathway, and Measles pathways.

The results of GO and KEGG enrichment analysis were visualized through bar graphs (Figure 4A). Additionally,
network diagram for GO (Figure 4B) and KEGG (Figure 4C) were constructed based on the enrichment analysis results.
Larger nodes in the network diagrams denote more molecules associated with the entry. Additionally, the results of
KEGG enrichment analysis for Hepatitis B, NOD-like receptor signaling pathway, and Measles were visualized in

pathway maps (Figure S2).
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Abbreviations: GO: Gene ontology; KEGG: Kyoto encyclopedia of genes and genomes; BP: Biological process; CC: Cellular component; MF: Molecular function.

GSEA of PRDEGs

To determine the impact of gene expression levels on PI in the integrated dataset, GSEA was performed to explore the
relationship between gene expression and the involved biological process, cellular component, and molecular function
(Figure 5A). The specific results were shown in Table S4. The results revealed that all genes in the integrated dataset
significantly influenced biological functions and signaling pathways such as the NO2IL12 Pathway (Figure 5B), IL12
2Pathway (Figure 5C), Signaling by Wnt (Figure 5D), and Autophagy (Figure 5E).

GSVA of PRDEGs

To investigate the differences in the HALLMARK gene set between the PI and control groups in the integrated
dataset, GSVA was performed on all genes in the integrated dataset. The top 11 enriched HALLMARK pathways
were selected, and the results were presented using grouped comparison boxplots (Figure 6A). The GSVA revealed
that eight HALLMARK pathways showed statistically significant differences (p-value < 0.05) between different
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groups in the integrated dataset: ALLOGRAFT REJECTION and PANCREAS BETA CELLS pathways exhibited
highly significant expression difference (p-value < 0.01) between PI and control groups, while G2M
CHECKPOINT, GLYCOLYSIS, HEDGEHOG SIGNALING, IL2 STAT5 SIGNALING, NOTCH SIGNALING,
and TGF BETA SIGNALING pathways showed statistically significant expression differences (p-value < 0.05)
between the groups. The specific results were shown in Table S5. Finally, based on the GSVA results, the
differential expression of the top 11 enriched HALLMARK pathways was analyzed and visualized using
a heatmap (Figure 6B).

WGCNA of the Integrated Dataset

To identify co-expression modules within the integrated dataset, WGCNA was performed on DEGs between the PI and
control groups. Firstly, various soft threshold values were calculated and the scale-free fit index was plotted to determine
the optimal soft threshold for constructing a scale-free network. The results showed that a soft threshold of 15 achieved
the best scale-free fit when the scale-free fit index reached 0.85 (Figure 7A). This enabled the construction of a co-
expression network, with DEGs clustered into eight modules based on their expression patterns using a clustering tree
(Figure 7B). After applying a cut-off of 0.2 and merging certain modules, the relationship between DEGs and the merged
modules was visualized (Figure 7C), and their correlation with the PI and Normal groups were assessed (Figure 7D). The
top two modules with the highest |cor value|, MEblack (Jcor value|=0.51) and MEyellow (|cor value|=0.49), were selected
for subsequent analysis. The DEGs within these two modules were intersected with the PRDEGs and visualized using
Veen diagrams (Figure 7E and F). These intersections yielded eight hub PRDEGs, namely PGF, DPEPI, IL36B, IFIH],
TCEA3, RIPK3, NEK7, and TLR3.
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Abbreviation: GSVA, Gene set variation analysis.

Cellular Experiment Validation
We constructed a model of pyroptotic macrophages by treating THP-1 cells (ATCC TIB-202) with PMA for 48h and
stimulating them with LPS and ATP, as illustrated in Figure 8A. The CCK-8 assay results revealed cell death in the
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Abbreviations: WGCNA, Weighted gene co-expression network analysis.

macrophages at the 4h post-stimulation, highlight the rapid response of these cells to the inflammatory stimuli
(Figure 8B). In addition, WB analysis showed a significant upregulation in the expression of the NLRP3 and ASC
proteins, which are established markers of pyroptosis (Figure 8C).

Further molecular investigation using qRT-PCR revealed significant transcriptional alterations in the pyroptotic
macrophages. Specifically, we observed elevated mRNA expression levels of eight hub PRDEGs, namely PGF,
DPEPI, IL36B, IFIHI, TCEA3, RIPK3, NEK7, and TLR3, suggesting their potential involvement in the regulation of
pyroptosis in PI (Figure 8D).
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Immune Cell Infiltration Analysis and Correlation with Hub PRDEGs

Using the ssGSEA algorithm, we analyzed immune infiltration in the PI and Normal groups, selecting immune cells with
p-value < 0.05 (Figure 9A). Statistical analysis revealed significant differences in the presence of five types of immune
cells. Specifically, activated dendritic cells and immature B cells were highly significant (p-value < 0.001), followed by
activated B cells and macrophages (p-value < 0.01). MDSC also showed significant differences (p-value < 0.05). We also
assembled a heatmap showcasing correlations between significant immune cells (Figure 9B). All indicated positive
associations, with the strongest being between immature B cells and activated dendritic cells (correlation value = 0.76).
A subsequent heatmap illustrated the relationships between the five significant immunocytes and eight hub PRDEGs
(Figure 9C). Notably, DPEP] and TLR3 showed significant positive and negative correlations with immune cells,
respectively. Lollipop plots further highlighted these correlations: DPEPI with activated B cells (correlation value >
0.6, p-value = 1x10-5, Figure 9D), and TLR3 with macrophages (correlation value < —0.6, p-value = 0.00013, Figure 9E).

Consensus Clustering Analysis of Subtypes in PI

Consensus clustering analysis identified two PI subtypes, Cluster 1 and Cluster 2, based on the eight hub PRDEGs
(Figure 10A-C). Cluster 1 contained 12 samples, while Cluster 2 comprised 7 samples. The PCA plot demonstrated
significant differences between the two subtypes (Figure 10D). The expression differences of these hub PRDEGs across
PI subtypes were visualized using a heatmap (Figure 10E).

We further examined the expression differences of eight hub genes across PI subtypes, using boxplots to display
expression levels (Figure 11A). Seven of these genes showed significant differences (p-value < 0.05): RIPK3 was highly
significant (p-value < 0.001), /FIH] and TCEA3 also showed high significance (p-value < 0.01), and DPEPI, PGF,
NEK7, and TLR3 had significant expression differences (p-value < 0.05). Finally, ROC curves were generated to assess
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the discriminatory ability of the seven hub genes between the PI subtypes (Figure 11B-D). The ROC curves indicated
that IFIHI, RIPK3, and TCEA3 exhibited high accuracy (AUC > 0.9) in distinguishing between PI subtypes, while
DPEPI, NEK7, PGF, and TLR3 demonstrated moderate accuracy (0.7 < AUC < 0.9).

Immune Infiltration Analysis of Pl Subtypes

To examine the differences in immune cell infiltration between different PI subtypes, the ESTIMATE and ssGSEA
algorithms were used to analyze the immune cell composition in PI samples. Immune cell abundances or scores were
assessed in the two subtypes, and immune cells with a p-value < 0.05 were selected.

The infiltration differences of immune cells between PI subtypes were visualized using box plots. The ESTIMATE
algorithm results (Figure 12A) revealed a statistically significant difference (p-value < 0.05) in the Immune Score
between different subtypes, with Clusterl notably exhibiting a higher immune score than Cluster 2.

According to the ssGSEA algorithm results (Figure 12B), 21 immune cell types showed statistically significant
differences (p-value < 0.05), with Cluster] consistently exhibiting higher levels of immune cell infiltration than Cluster 2.
Notably, CD56bright natural killer cell, Effector memory CD4 T cell, Immature dendritic cell, Mast cell, Memory B cell,
Plasmacytoid dendritic cell, and Regulatory T cell showed highly significant expression differences (p-value < 0.001)
between different subtypes. Activated CD4 T cell, Activated CD8 T cell, Activated dendritic cell, CD56dim natural killer
cell, Central memory CD4 T cell, Central memory CD8 T cell, Effector memory CD8 T cell, Gamma delta T cell,
Immature B cell, Monocyte, Natural killer cell, Neutrophil, T follicular helper cell, and Type 1 T helper cell exhibited

significantly different expression levels (p-value < 0.01) between different subtypes.
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Construction of PPl Network, ceRNA Network and Regulatory Network

Firstly, a PPI analysis was performed with the eight pyroptosis-related hub genes using the STRING database
(Figure 13A). Among them, six hub PRDEGs, namely: PGFE IL36B, IFIHI, RIPK3, NEK7 and TLR3, were
interconnected.

Next, the ceRNA network related to all hub PRDEGs was explored. Firstly, miRNAs related to the hub PRDEGs were
obtained from the StarBase database. Then, IncRNAs related to these miRNAs were retrieved from the StarBase
database. In total, the ceRNA network comprised two hub PRDEGs, 14 miRNAs, and 16 IncRNAs, as detailed in
Table S6. Finally, the ceRNA network was constructed and visualized using Cytoscape software (Figure 13B).

Subsequently, RBPs associated with all hub PRDEGs were predicted using the StarBase database. This allowed the
construction of an mRNA-RBP regulatory network, which was visualized using Cytoscape software (Figure 13C). This
network encompassed eight hub PRDEGs and 13 RBPs, as specified in Table S7.

Finally, the potential target drugs or molecular compounds associated with hub PRDEGs were identified using the
CTD database. And the mRNA-drug regulatory network was constructed and visualized using Cytoscape software
(Figure 13D). This network included eight hub PRDEGs and 35 drugs or small molecular compounds, as specified in
Table S8.

Discussion
Our study conclusively demonstrates that cellular pyroptosis plays a crucial role in the progression of peri-implantitis
(PI), identifying eight hub PRDEGs (PGF, DPEPI, IL36B, IFIHI, TCEA3, RIPK3, NET7, and TLR3) and revealing
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distinct immune infiltration patterns that suggest two novel PI subtypes. This study presents a comprehensive investiga-
tion into the role of pyroptosis in PI progression, uncovering key signaling pathways in PI and identifying pivotal hub
PRDEGs. In addition, we established a pyroptotic macrophage model to validate the hub PRDEGs through qRT-PCR
analysis. Additionally, we analyzed immune cell infiltration patterns and investigated the relationship between the hub
PRDEGs and infiltrating immunocytes. The PI samples were classified into two subtypes, allowing for an immune cell
infiltration analysis between the two. Moreover, we constructed PPI networks, ceRNA networks, mRNA-RBP networks,
and mRNA-drug networks based on the hub PRDEGs, providing valuable insights into the underlying mechanisms of PI.

Based on the GO and KEGG enrichment analyses, GSEA and GSVA enrichment analyses results, several key points
can be addressed. Firstly, the biological processes enrichment of PRDEGs in T cell homeostasis and the regulation of the
I-kappaB kinase/NF-kappaB signaling pathway suggests the critical role of the immune system in the pathogenesis of
peri-implant inflammation. Secondly, the enrichment of genes involved in the response to reactive oxygen species
indicates the potential importance of oxidative stress in PI, possibly linked to inflammatory responses and tissue damage.
Additionally, the enrichment of PRDEGs in cellular components such as the plasma membrane, extracellular organelle
membrane, and mitochondrial outer membrane suggests structural and functional changes in these compartments during
PI. Furthermore, the enrichment of PRDEGs in pathways related to measles and hepatitis B implies possible interactions
or shared pathological mechanisms between these diseases and PI. Lastly, the molecular function enrichment analysis
results provided clues for potential therapeutic targets and biomarkers, such as protein binding to cytoskeleton, lipid
binding, and channel inhibitor activity, which may guide the development of novel intervention strategies and treatment

approaches.
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We identified eight hub PRDEGs in PI. The PGF regulates inflammatory responses and mediates the accumulation
and migration of inflammatory cells, its production stimulated by trauma, infection, and mechanical stimulation.*> The
DPEPI, an enzyme involved in dipeptide metabolism, potentially influences the severity and duration of inflammatory
disease by degrading peptide substances produced during inflammation.*® The /L36B, a pro-inflammatory cytokine, and
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IFIH]1, a protein involved in immune and antiviral responses, both activate immune cells and induce inflammatory
responses.*”*® Although their direct relationship with PI is not yet studied, their role in various inflammatory diseases
suggests potential relevance.*” The TCEA3, a transcription factor, may potentially influence the progression of disease
through its regulation of cellular pyroptosis and apoptosis.>® The RIPK3, associated with cell death and inflammation, has
been found to be upregulated in inflamed periodontal tissue,’’ linking it to exacerbated inflammatory response and tissue
destruction.® The NEK7, a cell cycle regulatory protein,”® may contribute to PI development through cell cycle
disruptions and processes like apoptosis or pyroptosis. The 7LR3, a Toll-like receptor recognizing pathogenic micro-
organisms, can trigger an inflammatory reaction, leading to prolonged inflammation by recognizing nucleic acid
molecules from periodontal pathogens.>® The identification of these hub PRDEGs is crucial for enhancing our under-
standing of the PI mechanism in relation to pyroptosis. It not only sheds light on the molecular pathways and interactions
but also uncovers potential therapeutic targets. While our study marks an initial step towards understanding the genetic
underpinnings of PI, the clinical utility of these genes as biomarker for early diagnosis or targets for therapeutic
intervention remains to be fully explored. We underscore the necessity for future research to delve into the roles of
hub PRDEGs in clinical setting, aiming to bridge the gap between molecular insights and practical applications in PI
management. This exploration is crucial for developing targeted, evidence-based strategies for the diagnosis and
treatment of PI, potentially leading to improved patient outcomes.

No previous studies have classified PI subtypes based on gene expression characteristics. Our consensus clustering
analysis identified two distinct subtypes. In cluster 1, we found elevated expression of five hub PRDEGs and higher
immune scores, and immune cell infiltration compared to cluster 2. These differences suggest varying immune conditions
and distinct inflammation level between PI subtypes. In the immune analysis of the PI versus control group, we observed
increased infiltration of activated dendritic cells, immature B cells, activated B cells, macrophages, and MDSCs.
However, the cell types exhibiting increased infiltration differed when comparing cluster 1 to cluster 2, indicating that
different immune cells play key regulatory roles at different stages of PI onset and progression. Notably, in both stages,
we observed increased infiltration levels of activated dendritic cells and immature B cells, suggesting these two cell types
play significant roles throughout the PI process. Activated dendritic cells typically participate in antigen presentation and
initiation of immune responses,> while Immature B cells primarily function to produce antibodies, playing a crucial role
in antibody-mediated immune responses.’® These findings underscore the importance of research on these specific
immune cell types for understanding the pathogenesis of PI and identifying potential treatments.

In this study, we delved into the PPI network, ceRNA network, mRNA-RBP network, and mRNA-drug regulatory
network of hub PRDEGs. Firstly, the PPI network shed light on the interactions and functional associations between
PRDEGs. Secondly, through the ceRNA network, we discovered that mRNA molecules regulate the expression of
lincRNAs by competing for microRNA binding sites, which could play a key role in gene expression regulation and
disease onset.’’ In addition, the mRNA-RBP network illustrated how RNA-binding proteins control the stability,
translation, and location of mRNA, which might be crucial for understanding the molecular mechanisms of diseases.’®
Finally, the mRNA-drug regulatory network revealed potential drug targets and how these drugs exert their effects by
influencing specific nRNAs.> Within the mRNA-drug network of hub PRDEGs, literatures have shown that dietary fat®®

and calcitriol®!

are associated with the onset of periodontitis. Hence, we speculated that these drug targets may also be
closely related to peri-implantitis.

Oxidative stress is a risk factor that exacerbates peri-implantitis. Zhang et al have suggested that excessive oxidative
stress may trigger poor peri-implant soft tissue sealing, thereby exacerbating peri-implantitis, which may be more severe
in Type 2 diabetes mellitus patients.®> Moreover, Buranasin et al have identified oxidative stress as a link between
diabetes mellitus and periodontitis, highlighting increased reactive oxygen species in periodontal tissues of diabetic
patients. This elevation in reactive oxygen species contributes to impaired wound healing and tissue repair in periodontal
tissues.®® Therefore, by managing or reducing oxidative stress, we can mitigate the risk of tissue damage in periodontitis
or peri-implantitis, thereby improving the quality of life for patients.

Despite the finding presented in our study, we must acknowledge its limitations. Specifically, our study did not
conduct in vivo or in vitro experiments to validate the roles of eight hub PRDEGs in PI. However, future studies are
planned to focus on experimental validation, such as gene knockdown or overexpression studies, to assess the impact of
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these genes on PI progression. Such efforts are expected to yield a more comprehensive understanding of the functions
and mechanisms of these hub PRDEGs and immune cells in PI. Moreover, a longitudinal study would offer a more
dynamic and comprehensive insight of the hub PRDEGs’ roles in the disease progression. Currently, we are collecting
sequential data from peri-implantitis patients pre- and post-treatment to further investigate the significance of these hub
PRDEGs. Additionally, expanding our study to include a broader demographic would indeed strengthen the applicability
of our results. In our current research context, we were limited by the available sample size but recognized the need of
expanding our cohort in future studies. Importantly, the datasets (GSE33774, GSE106090, GSE57631) from the GEO
database used in our study do not include some potential confounding factors such as patients’ oral hygiene, smoking
status, systemic health conditions, and medication use. These omissions limit our ability to account for these factors in
the current analysis, but we intend to integrate these key considerations into our future work to enhance the robustness of
our findings.

Although our study identified hub PRDEGs and pathways, it did not delve into detailed mechanistic insights of how
these genes contribute to pyroptosis in PI. Consequently, we are planning follow-up studies to elucidate the deeper
molecular mechanisms and pathways by which these genes influence PI. Furthermore, despite the valuable insights
provided into the hub PRDEGs associated with PI, there is a critical need for future research to explore the interactions
between these genes and the microbial pathogens implicated in the disease. Such understanding of the molecular dialogue
between hub PRDEGs and specific bacteria may unveil new dimensions of pathogenesis and reveal potential targets for
therapeutic intervention. In this context, the current absence of proteomics and metabolomics data in PI research
highlights a significant gap. Anticipating future investigations that incorporate these data could dramatically deepen
our understanding of PI, revealing novel biomarkers and therapeutic targets. We are committed to exploring these
dimensions in our subsequent research.

Conclusion

In conclusion, our research substantiates the pivotal role of cellular pyroptosis in PI’s progression, identifying eight key
pyroptosis-related hub genes: PGF, DPEPI, IL36B, IFIHI, TCEA3, RIPK3, NEK7, and TLR3. Our findings not only
distinguish two PI subtypes through consensus clustering based on gene expression but also highlight the intricate
immune infiltration patterns associated with these genes. By delving into mRNA regulation networks linked to the hub
PRDEGs, we provide a groundwork for the future discovery of novel mechanisms and therapeutic targets in PI. This
research provides critical clues for developing targeted treatment and personalized clinical management strategies for PI.
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