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Abstract: Purpose: Atopic dermatitis (AD) and periodontitis (PD) exhibit overlapping 
immune and adhesion processes (e.g., Th2-skewing in AD and Th1/Th17 responses 
with Th2 components in PD). We aimed to identify shared transcriptomic signatures 
and prioritise candidate genes, miRNAs, and transcription factors linking AD and PD 
using integrative bioinformatics to generate hypotheses for subsequent experimental 
and clinical validation. Methods: Expression profiles from AD (GSE120721, 
GSE182740) and PD (GSE16134, GSE23586) datasets were analyzed. Differentially 
expressed genes (DEGs) shared between both conditions were identified and 
validated. Analyses included GO and KEGG enrichment, PPI network construction, 
and identification of hub genes, miRNA interactions, and transcription factors. 
Results: 124 DEGs were identified, with 13 hub genes enriched in immune response 
and cell adhesion pathways. Machine learning refined these to 4 key genes (CD69, 
MMP9, PXDN, VCAM1). ROC analysis validated these genes’ diagnostic efficacy 
(AUC > 0.7). Networks of key genes with miRNA and transcription factors (NFKB1, 
RELA, IRF1, EP300, JUN, IKBKB). Key miRNAs included hsa-miR-9-5p, hsa-miR-
21-5p, hsa-miR-143-3p, and hsa-miR-155-5p. We also demonstrated the diagnostic 
potential of these genes (AUC > 0.7) across both conditions. Conclusions: The hub 
genes, key miRNAs, and transcription factors identified in this study may serve as 
biomarkers and candidate therapeutic targets for AD and PD comorbidity. These 
findings are hypothesis-generating and warrant experimental validation and 
prospective clinical studies to assess disease relevance and potential clinical utility. 

 Keywords: atopic dermatitis; bioinformatics; differentially expressed genes (DEGs); 
machine learning; periodontitis 

1. Introduction 

Atopic dermatitis (AD) is a persistent and stubborn skin condition characterized by recurring symptoms such as 
itching, redness of the skin, dryness, thickening, and swelling [1–3]. Globally, AD impacts approximately 15–30% 
of children and 2–10% of adults [4,5]. At the same time, a study revealed that the quality of life of adult AD 
patients is significantly reduced, especially for those with moderate to severe AD. They reported lower overall 
health assessments, decreased satisfaction with life, lower mental and physical health scores, and higher Dermatology 
Life Quality Index (DLQI) scores [6]. Despite progress in AD research in recent years, current treatment methods 
still do not fully meet the needs of patients, especially those with poor treatment outcomes. 
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The development of AD is similarly complex, encompassing both classical immune cells and cytokines. AD’s 
development is significantly influenced by the imbalance within the adaptive immune system, orchestrated by 
diverse T cell subsets. The discovery of novel CD4+ T cell subsets, such as Th9, Th17, and Th22 cells, sheds light 
on the complex immunological backdrop of AD. This new understanding underscores the necessity of targeting 
specific CD4+ T cell-derived cytokines for immunomodulation, particularly given the underlying skin barrier 
defects [7]. The heterogeneity of immune responses in AD is marked by the activation of Th2, Th22, Th17/IL-23, 
and Th1 cytokine pathways. This immunological diversity is pronounced among different AD subtypes, including 
intrinsic (a subtype without skin barrier impairment), pediatric, and Asian forms of AD [8]. But based on these 
studies, no suitable therapeutic target for AD has yet been found. 

Recent observations have uncovered an interesting trend. Epidemiological studies have identified an 
increased likelihood of individuals with AD also experiencing periodontitis (PD). A study conducted in Saudi 
Arabia found a significant correlation between poor oral health and the prevalence of AD among adults, with a 
focus on oral health conditions commonly associated with AD [9]. While a study involving Swedish adults 
explored associations between AD and oral health conditions, it did not find a significant positive relationship 
between AD and PD after accounting for confounding factors [10]. This suggests that the probability of 
encountering AD is elevated in individuals with PD compared to those without PD. 

The pathogenesis of PD is relatively well-understood, for example, through theories such as the Pathways of 
Tissue Destruction via MMPs and the interactions within the RANK/RANKL/OPG system [11]. Interestingly, 
scholars have discovered that AD and PD are closely related in terms of their immune responses. Recent research 
emphasizes the complex interplay between AD and PD through the Th2 immune response, despite their differing 
presentations and clinical outcomes. In AD, the pathology is primarily supported by a Th2-dominant immune 
response, leading to allergic inflammation and compromised skin barrier function. Conversely, PD is mainly 
driven by a Th1/Th17 response to bacterial invasion, but Th2 responses also play a significant role in shaping the 
disease’s immune landscape, affecting its progression and severity. The research suggests the possibility of more 
common targets between AD and PD. This points to the potential for uncovering more in-depth codes that regulate 
the immune response, which remain to be deciphered. It highlights the importance of further investigating their 
shared immune pathways to find new therapeutic strategies for both conditions [12,13]. Deciphering these 
interconnections is crucial for the development of targeted therapeutic strategies aimed at modulating these 
immune responses, thus providing effective treatment or management options for these diseases. This suggests a 
potential overlap between AD and PD, making it imperative to explore whether there is a common mechanism or 
target between them that could guide changes in current treatment strategies. 

The association between PD and various systemic diseases, including cardiovascular disease [14,15], cancer [16], 
rheumatoid arthritis [17], and diabetes [18], has been well established. In the case of diabetes, a systematic review 
evaluated the impact of periodontal treatment on glycemic control in patients with the condition. Based on moderate-
certainty evidence from 35 studies, it was observed that an average absolute reduction of 0.43% (4.7 mmol/mol) in 
HbA1c occurred 3 to 4 months after periodontal treatment. This finding supports the clinically significant effect of 
periodontal treatment in improving glycemic control in patients with diabetes [19]. If we can find a common 
mechanism or target between PD and AD, in some sense, it may be possible to treat AD by treating PD. 

As gene sequencing technology has advanced, research indicates abnormal gene expression in the skin of 
AD patients, yet the significance of each gene remains uncertain. Consequently, identifying sensitive and specific 
biomarkers that influence AD progression is crucial. This will help clarify the underlying molecular mechanisms, 
provide a predictive prognosis, and support the development of new targeted treatments. Emerging evidence 
suggests that AD and PD share immune–adhesion programs. We hypothesize a cross-disease axis in which Th2-
skewed barrier dysfunction in AD elevates systemic cytokines and endothelial adhesion (e.g., VCAM1), while 
periodontal dysbiosis with Th1/Th17 responses promotes mediators that may sustain AD flares. Therefore, we 
focus on shared transcriptomic signatures (e.g., CD69, MMP9, PXDN, VCAM1, and NF-κB–related pathways) as 
hypotheses for further investigation, rather than asserting causality. Our analyses are aimed at prioritizing 
molecules and pathways along this axis as hypotheses for future testing. 

2. Materials and Methods 

2.1. Data Source and Preparation 

Data were sourced from the GEO database [20] using “Atopic Dermatitis” and “Periodontitis” as search 
terms. Inclusion criteria included human samples with both case and control profiles from specific tissues—skin 
for AD and gum for PD, using consistent sequencing platforms (GPL570) without prior clinical interventions. 
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For the two PD datasets and two AD datasets, batch correction was carried out using the “SVA” package in 
R (version 4.3.1). This process combined the two PD datasets into a cohort with 100 control samples and 343 PD 
samples, and the two AD datasets into a cohort with 28 control samples and 98 AD samples. Principal component 
analysis (PCA) of the expression values was performed before and after batch correction using the “vegan” 
package, and the results were visualized with the “ggplot2” package. Probe IDs were converted to gene symbols 
based on annotation files. When multiple probes corresponded to a single gene, the gene expression value was 
averaged across these probes, and probes that did not correspond to any gene symbols were excluded. 

Identifying common differentially expressed genes DEGs were identified using the “limma” R package, 
focusing on genes with an absolute |logFC| ≥ 0.5 and an adjusted p-value < 0.05. The threshold for the log fold 
change was chosen to capture biologically significant changes in gene expression, while the p-value adjustment 
was performed using the Benjamini-Hochberg method to control for false discovery rates. Results were visualized 
with “ggplot” and “ggvenn”. The analysis was conducted on R. To preserve concordant regulation, we first 
identified the overlap of genes that were up-regulated in both AD and PD, and separately the overlap of genes that 
were down-regulated in both diseases. This prevents inclusion of genes changed in opposite directions across 
diseases (for example, up in AD but down in PD, or vice versa), which would dilute enrichment signals and are 
not consistent with a shared comorbidity axis. For downstream enrichment and network analyses, we used the 
combined set of concordantly regulated genes (n = 124) for statistical stability 

2.2. Rationale and Boundaries of Cross-Tissue Comparisons 

Our analysis integrates transcriptomic datasets from distinct tissues—skin in AD and gingival/periodontal 
tissues in PD. Since directly pooling across tissues may confound tissue-specific expression with disease signals, 
we analyzed datasets within each disease separately and then compared convergent patterns in differentially 
expressed genes, protein–protein interactions, and pathway/TF/miRNA enrichment. We focused our interpretation 
on shared immune and adhesion pathways rather than absolute gene-level concordance across tissues. Thus, all 
cross-tissue findings are considered hypothesis-generating. Potential limitations include residual batch effects, 
differences in sample processing, and clinical heterogeneity (e.g., age, sex, smoking, and comorbidities), 
underscoring the need for prospective validation. 

2.3. Analysis of Enrichment for Common DEGs 

Functional enrichment was conducted via the “clusterProfiler” R package, analyzing DEGs by GO and 
KEGG databases. The GO analysis contains three terms: biological process, cellular component, and molecular 
function. The R Package “ggplot2” was used for visualization. 

2.4. Construction of PPI Networks and Detection of Hub Genes, and Enrichment Analysis of Hub Genes 

Protein-protein interactions were analyzed using the String database [21] with a significance threshold of 0.4. 
Hub genes were identified using Cytohubba algorithms and MCODE within Cytoscape [22,23]. Results were 
visualized with “ggvenn”. Functional enrichment was conducted via the “clusterProfiler” R package, analyzing DEGs 
against the GO and KEGG databases. 

2.5. Feature Selection Using LASSO and SVM-RFE Methods and Identification of Key Genes for Both Diseases 

Feature genes were identified using LASSO and SVM-RFE via the “glmnet” and “e1071” packages, respectively, 
with a focus on optimizing feature selection and employing 5-fold cross-validation. Key genes of two diseases were 
identified by finding the overlapping hub genes and feature genes. The results were visualized using “ggvenn”. 

2.6. Determining the Diagnostic Efficacy of Key Genes 

The diagnostic capabilities of key genes were assessed using the ’pROC’ package in R, focusing on their 
predictive power expressed through Area Under the Curve (AUC) metrics for both AD and PD contexts. We 
validated the results using external datasets; for the external datasets, we selected GSE10334 for PD and 
GSE130588 for AD. 

2.7. Investigation of Shared miRNAs in Two Diseases and Construction of the Shared miRNAs-mRNA Network 

Shared miRNAs associated with both AD and PD were identified using the Human MicroRNA Disease Database 
(HMDD) [24–26]. The network of interactions between miRNAs and mRNAs, specifically those shared between AD 
and PD, was explored using experimentally validated data from the miRTarBase [27]. Functional analysis of miRNAs 
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was carried out using TAM 2.0 (http://www.lirmed.com/tam2 (accessed on 12 March 2024)) [28]. This analysis aimed 
to identify potential regulatory mechanisms that might influence both conditions. 

2.8. Construction of the TF-Key Genes Network 

The TRRUST database (Transcriptional Regulatory Relationships Unraveled by Sentence-based Text mining; 
https://www.grnpedia.org/trrust/ (accessed on 12 March 2024)) [29] was utilized to predict transcriptional regulatory networks. 

3. Results 

3.1. Data Source and Preparation 

During the present study, we structured a research flowchart (Figure 1). After applying the predefined 
selection criteria, several Gene Expression Omnibus (GEO) datasets were identified as relevant for this study: 
GSE16134, GSE23586, GSE120721, and GSE182740. After merging the two datasets for PD and AD, we 
performed principal component analysis (PCA) on them, followed by batch correction, resulting in the outcomes 
(Figure 2A–D). 

 

Figure 1. Flowchart of the study. 
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Figure 2. PCA analysis of gene expression data before and after batch correction. (A): PCA before batch correction 
(Dataset 1: Merged PD Data) (B): PCA before batch correction (Dataset 2: Merged AD Data) (C): PCA after batch 
correction (Dataset 1: Merged PD Data) (D): PCA after batch correction (Dataset 2: Merged AD Data). 

3.2. Identifying Common Differentially Expressed Genes 

Using the threshold p-value < 0.05 and logFC > 0.5, we identified 560 upregulated genes and 620 
downregulated genes in the PD dataset, totaling 1180 differentially expressed genes (Figure 3A). In the AD dataset, 
we found 1983 upregulated genes and 123 downregulated genes, totaling 2106 differentially expressed genes 
(Figure 3B). By intersecting the upregulated genes in PD and AD, we obtained 116 common upregulated genes 
(Figure 3C). Similarly, by intersecting the downregulated genes in PD and AD, we identified 8 common 
downregulated genes (Figure 3D). We refer to the combined concordantly regulated set (n = 124) as the shared 
signature for downstream enrichment and network analyses. 

 

Figure 3. Identification of differentially expressed genes in PD and AD datasets. (A): Volcano plot of differentially 
expressed genes (DEGs) in PD datasets. (B): Volcano plot of differentially expressed genes (DEGs) in AD datasets. 
(C): Venn diagram showing the intersection of upregulated genes in PD and AD. (D): Venn diagram showing the 
intersection of downregulated genes in PD and AD. 
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3.3. Analysis of Enrichment for Common DEGs 

GO analysis indicated significant involvement in biological processes such as leukocyte migration, T cell 
activation, and response to bacterial origin molecules. Cellular component analysis highlighted significant 
enrichment in the external side of the plasma membrane, the secretory granule membrane, and the extracellular 
matrix. Molecular function analysis revealed significant enrichment in activities such as peptidase activity, enzyme 
activator activity, and carbohydrate binding (Figure 4A). The KEGG pathway enrichment analysis showed 
significant pathways including cell adhesion molecules, lipid and atherosclerosis, cytokine-cytokine receptor 
interaction, Staphylococcus aureus infection, and viral protein interaction with cytokine and cytokine receptor. 
Other notable pathways include neutrophil extracellular trap formation, TNF signaling pathway, and leukocyte 
transendothelial migration (Figure 4B). 

 

Figure 4. Analysis of enrichment for common DEGs and Construction of PPI networks, and detection of hub genes. 
(A): GO enrichment analysis of common DEGs. (B): KEGG pathway enrichment analysis of common DEGs. (C): 
Construction of PPI networks among common DEGs. (D): Detection of hub genes using CytoHubba algorithms. (E): 
Identification of genes using the MCODE plugin. (F): Intersection of genes identified by CytoHubba and MCODE. 
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3.4. Construction of PPI Networks and Detection of Hub Genes 

Utilizing Cytoscape, we constructed PPI networks highlighting 84 nodes and 370 edges among the DEGs 
(Figure 4C). Subsequently, the identification and selection of hub genes were facilitated by employing four widely 
recognized algorithms provided by CytoHubba: Degree, MNC, MCC, and EPC. We selected the top 20 genes from 
each algorithm and took the intersection, resulting in 16 genes (Figure 4D). Concurrently, we used the MCODE 
plugin to identify 18 genes (Figure 4E). Finally, the intersection of genes identified by CytoHubba and MCODE 
resulted in 13 hub genes: ITGAL, CD69, GZMB, CXCL13, PXDN, CXCR4, VCAM1, MMP9, CXCL1, SELP, 
CXCL8, SELPLG, and CD52 (Figure 4F). 

3.5. Construction of LASSO and SVM-RFE Feature Selection Process and Identifying Key Genes of Two Diseases 

Using LASSO regression, we identified 61 potential feature candidate genes and displayed the results in a 
Deviance plot from Lasso cross-validation (Figure 5A). The SVM-RFE algorithm further refined the selection to 
51 feature candidate genes (Figure 5B), with validation demonstrated through an accuracy curve from 5-fold cross-
validation (Figure 5C). The intersection of these datasets yielded 41 feature genes, which were cross-referenced with 
hub genes identified in the Protein-Protein Interaction (PPI) network to pinpoint 4 definitive key genes (Figure 5D). 

 

Figure 5. Construction of LASSO and SVM-RFE feature selection process and identifying key genes of two 
diseases (A): LASSO regression feature selection. (B): SVM-RFE feature selection. (C): Venn diagram showing 
the intersection of feature genes identified by LASSO and SVM-RFE. (D): Venn diagram showing the intersection 
of feature genes and hub genes from the PPI network. 

3.6. Determining the Diagnostic Efficacy of Central Key Genes 

ROC analysis was conducted to measure the diagnostic value of hub genes, represented by the Area Under 
the Curve (AUC). Individual ROC curves were calculated for each key gene (CD69, MMP9, PXDN, and VCAM1) 
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to assess their diagnostic efficacy. The AUC values for each gene were individually calculated to evaluate their 
potential for diagnostic application in both AD and PD conditions. In the PD cohort, the AUC values for the hub 
genes were as follows: CD69 had an AUC of 0.803, MMP9 had an AUC of 0.810, PXDN had the highest AUC at 
0.815, and VCAM1 had an AUC of 0.717 (Figure 6A). In the AD cohort, the AUC values for the hub genes were 
as follows: CD69 had the highest AUC at 0.916, MMP9 had an AUC of 0.819, PXDN had an AUC of 0.63, and 
VCAM1 had an AUC of 0.698 (Figure 6B). These results highlight the robust diagnostic performance of these hub 
genes in both PD and AD cohorts, particularly CD69 and PXDN, which showed high AUC values in both cohorts. 

 

Figure 6. Determining the diagnostic efficacy of central key genes. (A): ROC analysis for hub genes in the PD cohort. 
CD69: AUC = 0.803; MMP9: AUC = 0.810; PXDN: AUC = 0.815 (highest); VCAM1: AUC = 0.717. (B): ROC 
analysis for hub genes in the AD cohort. CD69: AUC = 0.916 (highest); MMP9: AUC = 0.819; PXDN: AUC = 0.63; 
VCAM1: AUC = 0.698. 

3.7. Investigation of Shared miRNAs in Two Diseases and Construction of the Shared miRNAs-mRNA Network 

Utilizing the Human microRNA Disease Database (HMDD), we identified 42 miRNAs associated with AD 
and 98 miRNAs linked to PD. An intersection analysis revealed 16 miRNAs common to both AD and PD, as 
illustrated in the Venn diagram (Figure 7A). These miRNAs play critical roles in regulating a variety of biological 
processes, including Stem Cell Regulation, Cell Cycle, Inflammation, Aging, Hormone-mediated Signaling 
Pathways, Cell Death, Cell Proliferation, Immune Response, Innate Immunity, and Cell Differentiation. Through 
miRTarBase, we identified 4 key miRNAs targeting the hub genes. The identified miRNAs are hsa-miR-9-5p, hsa-
miR-21-5p, hsa-miR-143-3p, and hsa-miR-155-5p. A network of miRNAs-mRNAs was established, illustrating 
the connections between these 4 miRNAs and 3 hub genes: PXDN, MMP9, and VCAM1. This network highlights 
the regulatory interactions between the miRNAs and the key hub genes, showing the potential post-transcriptional 
regulation involved (Figure 7B). 

 

Figure 7. Investigation of shared miRNAs in two diseases and construction of the shared miRNAs mRNA network 
and Construction of the TF-key genes network. (A): Venn diagram showing the intersection of miRNAs associated 
with AD and PD. (B): miRNAs-mRNAs network. (C): TF-key genes network. 
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3.8. Construction of the TF-Key Genes Network 

Based on the TTRUST database, 6 transcription factors (TFs) were identified that regulate the hub genes. 
The identified TFs are NFKB1, RELA, IRF1, EP300, JUN, and IKBKB. The constructed TFs–hub genes network 
includes 6 TFs and 3 key genes: CD69, MMP9, and VCAM1 (Figure 7C). This network highlights the regulatory 
interactions between the TFs and the key hub genes, illustrating the complex regulatory mechanisms involved. 

4. Discussion 

Our comprehensive bioinformatics analysis identified 124 shared differentially expressed genes (DEGs) 
between AD and PD, with a focus on 13 key hub genes. We also identified 16 common miRNAs and constructed 
miRNAs-mRNAs and TFs-hub genes networks involving key miRNAs and transcription factors. One of the key 
biases in our study is the reliance on existing datasets from the GEO database, which may not represent all possible 
genetic variations. To mitigate this, we applied stringent inclusion criteria, focusing on human samples with 
consistent sequencing platforms and performing batch corrections using the “SVA” package in R. Despite many 
unclear mechanisms of AD, it is well-established that it is closely related to the immune system. Our integrative 
analysis identified shared transcriptomic signatures between AD and PD (124 DEGs, 13 hub genes, and 16 
miRNAs) that map to immune and adhesion pathways. These findings suggest, but do not establish, common 
biology across the two conditions. Accordingly, the molecules prioritised here should be viewed as candidate 
markers and putative targets for follow-up rather than confirmed therapeutic targets. GO analysis indicated 
significant involvement in biological processes such as leukocyte migration, T cell activation, and response to 
bacterial origin molecules. Cellular component analysis highlighted significant enrichment in the external side of 
the plasma membrane, secretory granule membrane, and extracellular matrix. Molecular function analysis revealed 
significant enrichment in activities such as peptidase activity, enzyme activator activity, and carbohydrate binding. 
KEGG pathway enrichment analysis revealed several critical pathways, including cell adhesion molecules, lipid 
and atherosclerosis, and cytokine-cytokine receptor interaction. Notably, the NF-kappa B signaling pathway was 
significantly enriched, suggesting its crucial role in the inflammatory processes underlying both AD and PD [30]. 

Our results fit a tentative model in which NF-κB–linked inflammation coordinates cytokine production across 
tissues, adhesion programs (VCAM1) enable leukocyte trafficking, and matrix turnover (MMP9, PXDN) 
maintains tissue susceptibility; CD69 marks T-cell activation at this interface. This framework offers a biologically 
coherent rationale for overlap without implying that PD causes AD or vice versa. These observations are 
hypothesis-generating and nominate specific perturbations (e.g., VCAM1 blockade; MMP9/CD69 modulation) 
and prospective cohorts to test disease specificity and clinical relevance. 

CD69+ T cells are integral to the immune response in periodontal disease. In patients with chronic periodontal 
disease, CD69+ T regulatory (Treg) cells are elevated in peripheral blood compared to healthy individuals. 
However, these cells exhibit diminished suppressive function, suggesting an impaired regulatory role that 
contributes to disease progression [31]. In atopic dermatitis, CD69 expression is linked to allergic inflammation. 
CD69-deficient mice show enhanced inflammatory responses in asthma and contact hypersensitivity models, 
indicating that CD69 acts as a negative regulator of allergen-induced T-cell effector responses [32]. Additionally, 
staphylococcal exotoxins, common in AD, can upregulate CD69 expression on eosinophils, suggesting a 
modulatory role in the allergic inflammatory response in AD [33]. Thus, CD69 is pivotal in both diseases, 
regulating T-cell responses and contributing to inflammatory processes, highlighting its therapeutic potential. 

Matrix metalloproteinase-9 (MMP9) is crucial in degrading extracellular matrix components, significantly 
impacting inflammatory processes in both periodontal disease and atopic dermatitis. In periodontal disease, 
MMP9’s elevated levels in the gingival tissues of chronic periodontitis patients contribute to collagen and 
extracellular matrix breakdown, exacerbating tissue destruction and disease progression [34]. The expression of 
MMP9 is influenced by genetic polymorphisms and inflammatory cytokines, indicating its complex role in tissue 
degradation [35]. Similarly, in atopic dermatitis, elevated MMP9 levels are observed in skin lesions, correlating 
with disease severity and contributing to chronic inflammation and tissue remodeling [36]. Therefore, MMP9 is 
essential in both conditions, contributing to tissue destruction and inflammation, making it a valuable target for 
therapeutic intervention. 

Vascular cell adhesion molecule-1 (VCAM1) is critical in the inflammatory processes of both periodontal 
disease and atopic dermatitis. It facilitates immune cell migration and inflammation by promoting leukocyte 
adhesion to endothelial cells. In periodontal disease, VCAM1 genetic polymorphisms, such as rs1041163, are 
associated with increased susceptibility and severity of chronic periodontitis, indicating its role in periodontal 
tissue destruction [37]. VCAM1 promotes leukocyte adhesion and migration into periodontal tissues, exacerbating 
inflammation and tissue breakdown. In atopic dermatitis, VCAM1 is significantly upregulated in lesional and non-
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lesional skin, contributing to chronic inflammation. Studies have shown that blocking VCAM1 can delay 
dermatitis onset and reduce disease severity in animal models, indicating its critical role in AD pathogenesis [38]. 
Elevated levels of soluble VCAM1 in the serum of AD patients correlate with disease activity, further emphasizing 
its role in AD [39]. Thus, VCAM1 is a key molecule in both conditions, promoting inflammatory responses by 
mediating immune cell adhesion and migration, suggesting its potential as a therapeutic target. 

Peroxidasin (PXDN) is crucial in tissue remodeling and inflammatory processes in both periodontal disease 
and atopic dermatitis. It contributes to forming cross-links in the extracellular matrix, essential for tissue integrity 
and immune response modulation. In periodontal disease, PXDN is involved in the oxidative modification of the 
extracellular matrix, influencing tissue remodeling and inflammation. Chronic periodontitis is characterized by an 
imbalance in the production and degradation of extracellular matrix components, leading to tissue destruction and 
disease progression. PXDN’s role in promoting oxidative stress and inflammation is key in periodontal tissue 
damage [40]. Similarly, in atopic dermatitis, PXDN is significantly upregulated in inflamed skin tissues, involved 
in forming extracellular matrix components essential for skin barrier function and wound healing. PXDN’s role in 
tissue remodeling and inflammation makes it a critical player in the chronic inflammatory response seen in AD. 
Increased PXDN expression is linked to enhanced tissue repair processes and modulation of inflammatory 
responses in the skin, crucial for managing AD symptoms [41]. Overall, PXDN is a key enzyme in both conditions, 
contributing to tissue remodeling and inflammation, underscoring its potential as a therapeutic target for managing 
these chronic inflammatory diseases. 

The genes CD69, MMP9, VCAM1, and PXDN exhibit overlapping roles in both atopic dermatitis and 
periodontal disease, primarily by influencing inflammatory processes and tissue remodeling. CD69 regulates T-
cell responses and inflammatory processes in both diseases. MMP9 contributes to tissue destruction through 
extracellular matrix degradation, exacerbating inflammation. VCAM1 facilitates immune cell adhesion and 
migration, driving inflammatory responses. PXDN is involved in the oxidative modification of the extracellular 
matrix, essential for tissue integrity and immune response modulation. The shared involvement of these genes in 
immune regulation and inflammation highlights potential common therapeutic targets for both conditions, offering 
a promising avenue for developing treatments that address both AD and PD simultaneously. 

After identifying four key genes (CD69, MMP9, PXDN, VCAM1), we used the HMDD database to 
determine 16 shared miRNAs in AD and PD. We then constructed a miRNA-mRNA network, highlighting the 
interactions between these miRNAs and the key genes PXDN, MMP9, and VCAM1. Specifically, hsa-miR-9-5p, 
hsa-miR-21-5p, hsa-miR-143-3p, and hsa-miR-155-5p play significant roles in regulating biological processes 
such as inflammation, immune response, and tissue remodeling. 

Using the TRRUST database, we identified six transcription factors (NFKB1, RELA, IRF1, EP300, JUN, 
IKBKB) that regulate the expression of key genes. These transcription factors also play crucial roles in 
inflammation and immune responses in AD and PD. Among them, NFKB1 and RELA are core components of the 
NF-κB signaling pathway [42]. This pathway has been demonstrated in multiple studies to be critical in regulating 
the occurrence of periodontitis and atopic dermatitis [43,44]. 

NFKB1 (p50) and RELA (p65) are important members of the NF-κB family. NFKB1 participates in 
inflammation and immune regulation by regulating the expression of downstream genes such as cytokines, 
chemokines, and adhesion molecules [45]. RELA promotes the production of inflammatory mediators such as 
TNF-α, IL-1β, and IL-6 by activating gene expression, thus contributing to both acute and chronic inflammatory 
responses [46]. 

Interestingly, three of the four miRNAs identified in the miRNA-mRNA network (hsa-miR-21-5p, hsa-miR-
143-3p, and hsa-miR-155-5p) directly or indirectly affect the NF-κB signaling pathway. hsa-miR-21-5p indirectly 
activates the NF-κB signaling pathway by targeting PTEN, PDCD4, and SPRY1, thereby enhancing inflammatory 
responses [47]. miR-143-3p has been found to regulate the TLR4/MyD88/NF-κB pathway, reducing the expression 
of inflammatory factors and cell apoptosis [48]. hsa-miR-155-5p amplifies NF-κB signaling by inhibiting negative 
regulators of the NF-κB pathway, thus promoting cell survival and proliferation [49]. 

Although numerous studies have shown that both diseases are related to the NF-κB pathway, most of these 
studies focus only on the terminal stages of the NF-κB pathway. Our approach, from the perspective of miRNAs 
and transcription factors, reveals shared molecular mechanisms in AD and PD. These findings not only highlight 
the critical roles of miRNAs and TFs in inflammation and immune responses but also suggest their potential as 
therapeutic targets. The shared signatures identified here arise from cross-tissue comparisons (skin in AD; 
gingival/periodontal tissues in PD) and should therefore be interpreted with caution. While convergence on 
immune and adhesion pathways—including NF-κB–related processes—is consistent with biology implicated in 
both conditions, our integrative approach cannot establish causality, determine directionality (e.g., whether one 
disease predisposes to the other), or demonstrate clinical utility. Differences in tissue context, sample handling, 
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and unmeasured confounding (age, sex, smoking, comorbidities, and medication use) may contribute to the 
observed overlap. In addition, this study relied on public datasets without experimental validation; analyses used 
local tissues rather than blood; sample-size imbalance (fewer AD samples) and platform heterogeneity may have 
affected DEG detection. The work was restricted to the transcriptome and lacked individual-level covariates, 
limiting generalizability and precluding adjustment for confounders. Overall, these caveats frame the results as 
hypothesis-generating and motivate functional studies in relevant cell types, validation in independent, prospective 
cohorts, and integration of multi-omics data to delineate disease-specific versus shared mechanisms. 

5. Conclusions 

This study identified significant shared regulatory mechanisms between AD and PD through bioinformatics 
analysis. We identified 124 common differentially expressed genes (DEGs) and highlighted four key genes (CD69, 
MMP9, PXDN, VCAM1). These genes were validated for their diagnostic efficacy in both diseases. Our miRNA-
mRNA network construction underscored the roles of hsa-miR-9-5p, hsa-miR-21-5p, hsa-miR-143-3p, and hsa-
miR-155-5p in regulating inflammation, immune response, and tissue remodeling. Additionally, NFKB1, RELA, 
IRF1, EP300, JUN, and IKBKB were identified as key transcription factors regulating these genes and are crucial 
components of the NF-κB signaling pathway. Our findings suggest that this pathway contributes to the 
inflammatory processes in both diseases. Although previous studies have validated the involvement of the NF-κB 
signaling pathway in AD and PD separately, our research connects the key pathways of these two diseases through 
genes, miRNAs, and TFs. These findings not only highlight the critical roles of miRNAs and TFs in inflammation 
and immune responses but also suggest their potential as therapeutic targets. Further validation and experimental 
studies are essential to translate these findings into clinical applications, providing precise and effective treatment 
strategies for chronic diseases. By targeting these identified genes, miRNAs, and transcription factors, we can 
potentially improve therapeutic outcomes and more effectively manage the comorbidity of AD and PD. 
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