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Abstract

Recent studies have hinted at a link between periodontitis (PD) and influenza A (1A).
Therefore, this study aims to identify key genes common to both diseases by study-
ing Porphyromonas gingivalis (P.gingivalis) and the H1N1 virus, the main pathogen
of PD and IA, evaluating the promise of these genes as biomarkers, and providing
future therapeutic strategies for both diseases. Our research employs a wide range
of methods, including bioinformatics analysis, drug prediction and molecular docking.
Ultimately, machine learning algorithms identified TNFAIP3 as a common key gene
for PD and IA, and further identified five drugs: Vemurafenib, Metformin, Dexametha-
sone, Tretinoin and Imatinib with potential for combined treatment of PD and IA. Our
study reveals the shared mechanism and immune profile of TNFAIP3 as a key gene
in PD and IA, which lays a theoretical foundation for future targeted therapies based
on the shared mechanism of the two diseases.

Introduction

Periodontitis (PD) is a complex disease whose main cause is plaque [1]. This disease
induces an inflammatory reaction in the organism, damaging the supporting tissues
of the teeth [2,3], and in severe cases, it can lead to tooth loss [4]. Porphyromonas
gingivalis (P.gingivalis) is a gram-negative anaerobic bacterium that is an important
pathogen causing PD [5]. The mechanisms of interaction between PD and systemic
diseases have not been well studied. But research suggests that periodontal patho-
gens and the immune responses they elicit are implicated in the pathogenesis of
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a variety of systemic diseases, such as diabetes mellitus, cardiovascular disease,
Alzheimer’s disease, chronic obstructive pulmonary disease, chronic kidney disease,
and cancer [6-8]. The present findings indicate that infection of the host by P.gin-
givalis is mainly dependent on flagella [9]. After invading the host’s tissues, P.gingi-
valis secretes gingival proteases to obtain nutrients and disrupt the host’s immune
response [10-12].

H1N1 is a pathogen of influenza, which is a subtype of influenza A (lA) virus.
Since the 2009 pandemic, H1N1 influenza has caused varying degrees of disease
burden globally every year [13]. Studies have shown that the pathogenesis of both
P.gingivalis infections and H1N1 infections involves the PI3K/AKT/mTOR signaling
pathway [14], and we believe that there are additional links between them. Therefore,
in this study, we used bioinformatics and machine learning methods to investigate
the association between P.gingivalis infection and H1N1 infection. Bioinformatics
machine learning and deep learning help to comprehensively analyze diseases at
the genetic level as a way to identify biomarkers and therapeutic targets for disease
diagnosis [15]. Through bioinformatics and machine learning analyses, we identified
common differential genes and molecular mechanisms between P.gingivalis infec-
tions and H1N1 infections, on the basis of which we have found promising drugs for
the combined treatment of PD and IA, providing new insights into the study of the two
diseases.

Materials and methods
Data collection

We downloaded the P.gingivalis infection related datasets GSE12121 (con=4, P.gin-
givalis=4) [16], GSE9723 (con=4, P.gingivalis=4) [17] and GSE16134 (con=69,
P.gingivalis=241) [18,19], and the H1N1 virus infection related datasets GSE36553
(con=5, HIN1=6) [20], GSE48466 (con=3, H1IN1=6) [21] and GSE106279 (con=6,
H1N1=6) [22] from the Gene Expression Omnibus (GEO) (https://www.ncbi.nIm.
nih.gov/geo/) database. We obtained 4 groups of mock-infected HIGK cells as
control and 4 groups of P.gingivalis-infected HIGK cells as experimental groups

from GSE12121 (GPL570). We selected 4 groups of mock-infected HIGK cells and
4 groups of P.gingivalis-infected HIGK cells from GSE9723 (GPL96). GSE16134
(GPL570) includes 310 gingival tissue samples from 120 patients with periodontitis
who underwent periodontal surgery, including 69 normal and 241 periodontitis sam-
ples. We selected 5 groups of mock-infected A549 cells and 6 groups of A549 cells
48 hours after HIN1 infection from GSE36553 (GPL6947). We selected 3 groups of
uninfected wd-NHBE cells and 6 groups of pandemic H1N1 influenza virus-infected
wd-NHBE cells from GSE48466 (GPL570). GSE106279 (GPL17586) includes 6 sets
of mock-infected A549 cells and 6 sets of H1N1-infected A549 cells. Subsequent
differential gene analysis was performed by using R software (version 4.3.3).

Differential gene analysis

We first merged the P.gingivalis infection dataset (GSE12121 and GSE9723) and
the H1N1 infection dataset (GSE36553 and GSE48466) separately. To ensure the
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quality of the data, we used the “sva” R package to normalize the two disease datasets and eliminate the batch effect [23].
Subsequently, we used the “limma” package to identify differentially expressed genes in the two datasets, with the criteria
for significant differential expression being log [fold change|>1 and adjusted P value<0.05 [24]. Finally, volcano maps and
heatmaps were generated to visualize the differentially expressed genes.

Identification and enrichment analysis of cDEGs

In order to identify common differential genes between P.gingivalis infection and H1N1 infection, we intersected the
differential genes identified from the two datasets to create a Venn diagram. Subsequently, these cDEGs were enriched
for gene ontology (GO), including biological process (BP), cellular component (CC) and molecular function (MF), as well
as Kyoto Encyclopedia of Genes and Genomes (KEGG) signaling pathways using the “clusterProfiler” package [25]. This
analysis is important for understanding the functional roles involved in cDEGs.

Identification of key genes

In this study, we employ two advanced machine learning methods: the Least Absolute Shrinkage and Selection Operator
(LASSO) and the Support Vector Machine (SVM). LASSO is an extension of the linear regression model that introduces a
penalty term for the compression and selection of model coefficients, thus solving the covariance and overfitting problems
[26]. In this article, we used 5-fold cross validation with Mean Squared Error as the evaluation metric. SVM is a widely
used supervised learning algorithm that shows good performance even with small sample sizes, and is well suited to
handle small and medium-sized datasets [27]. We control the number of features removed in each iteration to 8 and use
8-fold cross validation. These machine learning algorithms can help us identify the most important key genes from a large
number of genes.

Validation and enrichment analysis of key genes

We intersected the results obtained from the two machine learning methods and plotted a Venn diagram to identify

the genes in the intersection set as the common key genes for the two diseases. To verify the reliability of the machine
learning results, we plotted the ROC curves of the key genes using the “pROC” package [28]. Moreover, we verified the
expression levels of common key differential genes in two external datasets GSE16134 and GSE106279. Finally, we
explored the roles of the common key genes in the two diseases by GO enrichment and KEGG enrichment.

Analysis of immune cell infiltration

CIBERSORT is a deconvolution technique that characterizes the expression of different cell types by isolating them from
complex tissue samples and thus estimating the relative proportions of these cells in the sample [29]. In this study, we
used the CIBERSORT method to assess the level of immune infiltration of 22 known immune cell subtypes in the dataset.
p <0.05 was considered statistically significant for immune cell infiltration. Subsequently, to explore immune cells associ-
ated with the key gene TNFAIP3, we performed Spearman correlation analysis.

Drug prediction and molecular docking based on key genes

Drug Gene Budger (DGB) (https://maayanlab.cloud/DGBY/) is a drug repositioning tool that allows researchers to select
which genes they want to up or down regulate, and DBG is able to predict the drug that will have the greatest impact on the
target gene [30]. DBG gives results from the Library of Integrated Network-Based Cellular Signatures (LINCS) L1000 data-
set [31], the Connectivity Map (CMap) dataset [32] and the Gene Expression Omnibus (GEQO) database [33]. In this study,
we selected compounds from the GEO database that significantly down-regulated TNFAIP3 expression with p-value<0.05,
g-value<0.05 and log2|FC|>1. The structures of TNFAIP3 were obtained from Pubchem (https://pubchem.ncbi.nim.nih.gov/)
and those of small molecule compounds were obtained from DrugBank Online (https://go.drugbank.com/). We used
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AutoDockTools (version 1.5.7) to analyze the best docked conformations of proteins and small molecule compounds, and
the final results were visualized by PyMol (version 3.0.4).

Molecular dynamic simulation

Molecular dynamics simulations (MD) were performed using the Gromacs2022 program with GAFF force field for small
molecules [34], AMBER14SB force field for proteins and TIP3P water model to merge the files of proteins and small mol-
ecule ligands to construct a simulation system for the complexes. The simulations were performed under constant tem-
perature and pressure and periodic boundary conditions. During the MD simulations, all hydrogen bonds involved were
constrained using the LINCS algorithm with an integration step of 2 fs. Electrostatic interactions were calculated using the
(Particle-mesh Ewald) PME method with a cutoff value of 1.2nm, and non-bonded interactions with a cutoff value of 10
A, which was updated every 10 steps. The simulation temperature was controlled by the V-rescale temperature coupling
method at 298K, and the pressure was controlled by the Berendsen method at 1 bar. 100 ps of NVT and NPT equilib-
rium simulations were carried out at 298 K. 100 ns of MD simulations were performed for the complex system, and the
conformation was saved every 10 ps. After the simulations were completed, the trajectories were analyzed using VMD
and pymol. We used Root Mean Square Deviation (RMSD) and Radius of Gyration (Rg) to reflect the stability of protein
binding to small molecules.

Statistical analysis

R software (version 4.3.3) was used for statistical analysis. P<0.05 was considered statistically significant.

Results
Merging of datasets

The flowchart of this study is shown in Fig 1. We merged datasets downloaded from the Gene Expression Omnibus
(GEO) database. In order to ensure the quality of the data, we first normalized the merged data and used box plots to
show the distribution of expression values (Fig 2A-2D). Moreover, in order to detect the removal of batch effects for data
from different sources, we performed principal component analysis (PCA) on the merged dataset. The results showed that
group effects across sources were largely eliminated in the merged dataset (Fig 2E-2H).

Identification of differentially expressed genes

We performed differential gene expression analysis on the two merged datasets and identified 254 differentially expressed
genes (DEGs) in P.gingivalis infection and 371 DEGs in H1N1 infection. There were 90 genes down-regulated and

164 genes up-regulated in the P.gingivalis-infected group. In the H1N1-infected group, 60 genes were downregulated and
311 genes were upregulated. We used volcano plots to visualize DEGs, highlighting down and up regulated genes (Fig 3A
and 3B). In addition, we used heatmaps to show the expression patterns and clustering of DEGs in gene expression pro-
files (Fig 3C and 3D).

Enrichment analysis of common differential genes

To identify common differential genes (cDEGs) for P.gingivalis infection and H1N1 infection, we intersected the results of
the differential gene expression analyses of the two diseases and obtained 18 overlapping genes (Fig 4A). Enrichment
analysis of these overlapping genes showed that in the GO enrichment analysis (Fig 4B), biological processes (BP) are
mainly enriched for negative regulation of bone resorption, negative regulation of bone remodeling and negative regula-
tion of tissue remodeling. Cellular Components (CC) are mainly enriched for kainate selective glutamate receptor com-
plex, mitotic spindle midzone and integrator complex. Molecular functions (MF) are mainly enriched for protein tyrosine
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Fig 1. Flowchart of this study. cDEGs: common differentially expressed genes. GO: Gene Ontology. KEGG: Kyoto Encyclopedia of Genes and
Genomes. LASSO: least absolute shrinkage and selection operator. SVM: support vector machine. ROC curve: receiver operating characteristic curve.

https://doi.org/10.1371/journal.pone.0340882.9001

phosphatase activity, kainate selective glutamate receptor activity and protein tyrosine kinase inhibitor activity. The results
of KEGG analysis were mainly enriched for TNF signaling pathway, IL-17 signaling pathway, NF-kappa B signaling path-
way, Kaposi sarcoma-associated herpesvirus infection, Hematopoietic cell lineage, and C-type lectin receptor signaling
pathway (Fig 4C). The results of these enrichment analyses emphasize the important role of inflammation-related mecha-
nisms in both diseases.

Machine learning identified key genes

To further identify key genes from the 18 overlapping genes, we used two machine learning methods: LASSO regression
and SVM. The LASSO regression identified three key genes in the P.gingivalis infection dataset (Fig 5A and 5B) and six
key genes in the H1N1 infection dataset (Fig 5C and 5D). We visualized the correct and error rates of the SVM algorithm.
The results showed that in the P.gingivalis infection dataset, the SVM model had the highest accuracy when four genes
were included in the analysis (Fig 5SE and 5F). In the H1N1 infection dataset, the SVM model had the highest accuracy
when eight genes were included in the analysis (Fig 5G and 5H).

Validation and enrichment analysis of common key genes

We used a Venn diagram to visualize the overlapping portion of the results from the two machine learning methods

(Fig 6A). The gene in the overlapping part is Tumor Necrosis Factor Alpha-Induced Protein 3 (TNFAIP3). To validate the
accuracy of the machine learning algorithm, we plotted the ROC curves of the TNFAIP3 gene in both the P.gingivalis
infection dataset and the H1N1 infection dataset (Fig 6B and 6C). The results showed that the results of the machine
learning method had high diagnostic value in both datasets. Moreover, we validated the expression levels of TNFAIP3
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Fig 3. Visualization of differentially expressed genes. (A) Volcano plot showing the differentially expressed genes (DEGs) of P.gingivalis infection.
(B) Volcano plot showing the differentially expressed genes (DEGs) of H1N1 infection. (C) Heatmap of DEGs in P.gingivalis infection. (D) Heatmap of
DEGs in H1N1 infection.

https://doi.org/10.1371/journal.pone.0340882.9003

in both diseases in two external datasets, GSE16134 and GSE106279. The expression of TNFAIP3 was significantly
upregulated in both diseases compared to controls (Fig 6D and 6E). Subsequently, we performed GO enrichment analysis
and KEGG enrichment analysis of the TNFAIP3 gene. In GO enrichment (Fig 6F), BP are mainly enriched for negative
regulation of chronic inflammatory response, protein K29-linked deubiquitination and regulation of osteoclast proliferation.
CC are mainly enriched for lytic vacuole, lysosome and vacuole. MF are mainly enriched for K63-linked deubiquitinase
activity, K63- linked polyubiquitin modification-dependent protein binding and polyubiquitin modification-dependent pro-
tein binding. It is important to note that only one gene was included in our GO analysis, which may have implications for
the significance of the results and the integrity of the biological pathway. For example, CC was not statistically significant
in our GO analysis results. KEGG are mainly enriched for IL-17 signaling pathway, NF-kappa B signaling pathway, TNF
signaling pathway, Measles and Necroptosis (Fig 6G). These results reveal that TNFAIP3 plays an important role as a
common key gene in the development of both diseases.
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https://doi.org/10.1371/journal.pone.0340882.9004

Analysis of immune cell infiltration

We used the CIBERSORT algorithm to analyze the correlation of gene expression profiles with 22 known immune cells in
both disease datasets. Bar graphs were used to visualize the results of immune infiltration (Fig 7A and 7B). The findings
showed that in P.gingivalis infection, Plasma cells, T cell subsets, NK cells, Mast cells and Neutrophils were the major
immune cell infiltrating subpopulations (Fig 7C). In H1N1 infection, Plasma cells, T cell subsets, NK cells, Monocytes,
Eosinophils and Neutrophils were the major immune cell infiltrating subpopulations (Fig 8D). Moreover, we analyzed the
correlation of the key gene TNFAIP3 with immune cells in both diseases. The results showed that in P.gingivalis infection,
TNFAIP3 was significantly positively correlated with resting-state dendritic cells and significantly negatively correlated with
Macrophages M2, and also correlated more significantly with various T-cell subpopulations (Fig 8E). In H1N1 infection,
TNFAIP3 was significantly positively correlated with B-cell subsets and significantly negatively correlated with mast cells
in the resting state and dendritic cells in the activated state (Fig 8F). These results showed us the infiltration status of
immune cells in both diseases.
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Fig 6. Results of validation and enrichment analysis of common key genes. (A) Venn diagram of machine learning results. (B) ROC curve of
TNFAIP3 in the Pgingivalis infection dataset (AUC =0.925). (C) ROC curve of TNFAIP3 in the H1N1 infection dataset (AUC =0.990). (D) Expression
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https://doi.org/10.1371/journal.pone.0340882.9006
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Fig 7. Analysis of immune cell infiltration. (A) Bar graph of immune cell infiltration in the P.gingivalis infection dataset. (B) Bar graph of immune cell
infiltration in the H1N1 infection dataset. (C) Comparison of differences in immune cell abundance between P.gingivalis-infected and control groups. (D)
Comparison of differences in immune cell abundance between H1N1-infected and control groups. (E) Correlation of TNFAIP3 with immune cells in the P.
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from the control group. * P<0.05, ** P<0.01, *** P<0.001, **** P<0.0001.

https://doi.org/10.1371/journal.pone.0340882.9007
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A

Tretinoin

Fig 8. Optimal conformations of five drug molecules of molecular docking with TNFAIP3 protein. (A) Optimal conformation of Vemurafenib with
TNFAIP3. (B) Optimal conformation of Metformin with TNFAIP3. (C) Optimal conformation of Dexamethasone with TNFAIP3. (D) Optimal conformation
of Tretinoin with TNFAIP3. (E) Optimal conformation of Imatinib with TNFAIP3.

https://doi.org/10.1371/journal.pone.0340882.9008
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Drug prediction and molecular docking based on key gene

In this study, we explored molecules that downregulate TNFAIP3 expression using Drug Gene Budger (DGB). Five drug
molecules were screened by using p-value<0.05, g-value<0.05 and log?2 |fold change|<1: Vemurafenib, Metformin, Dexa-
methasone, Tretinoin and Imatinib (S1 Table). Subsequently, we used molecular docking to predict the optimal conforma-
tions of the five drug molecules bound to TNFAIP3. Fig 8A-8E show us in detail the specifics of the optimal conformations
of the five drug molecules with TNFAIP3. S2 Table shows us the binding energies, the number of hydrogen bonds formed
and the locations of the binding sites of the TNFAIP3 proteins with the five drug molecules. The results show that all five
drug molecules have low binding energies and form stable structures at their binding sites with the target protein, and
Imatinib showed the highest docking score with TNFAIP3 at —8.1 kcal/mol. Therefore, the five drug molecules predicted in
this study may have the potential to treat influenza A patients suffering from periodontitis by down-regulating the expres-
sion of TNFAIP3.

Molecular dynamic simulation

RMSD is a common indicator of the difference between two structures, which reflects the similarity of two molecules’
conformations by comparing the spatial coordinates of the corresponding atoms in the two molecules, and is used to track
the changes of the molecular structure during the simulation process with respect to the initial structure, and to observe
whether the change amplitude tends to be stabilized. The lower the RMSD, the closer the two structures are. As can be
seen in Fig 9A, C, E, G and |, the RMSDs of the structures of the complexes of TNFAIP3 with the five drug molecules
were gradually stabilized with the simulation, indicating that the structures of the complexes were gradually stabilized.

Rg is the root-mean-square distance of all atoms in a molecule relative to the center of mass, reflecting the distribution
range of molecular atoms relative to the center of mass, and is used as an important parameter to measure the degree of
compactness of the overall structure of protein-small molecules. The smaller the radius of gyration Rg is, the more com-
pact the molecule is; the larger the radius of gyration is, the looser the molecule is, and it may be in a fluffy state. As can
be seen from Fig 1B, D, F, H and |, the Rg of the complexes gradually stabilizes with the simulation, which indicates the
gradual stabilization of the complex structure. All these results indicate that TNFAIP3 can bind to five drug molecules to
form a stable structure.

Discussion

Periodontitis (PD) and influenza A (IA) are two very common diseases whose pathophysiologic mechanisms are unknown.
In order to identify the pathophysiologic mechanisms that are commonly associated with both, we focused on P.gingiva-
lis, the major pathogen of PD, and the H1N1 virus, the major pathogen of IA. In our differential gene analysis of the two
diseases, we identified 254 DEGs and 371 DEGs, and identified 18 overlapping genes from these two differential gene
sets. Enrichment analysis of 18 overlapping genes demonstrated biological processes (BP), cellular composition (CC),
molecular functions (MF) and signaling pathways that may be associated with both diseases. To further identify the key
genes among these overlapping genes, we used two advanced machine learning algorithms: LASSO and SVM. By com-
bining the results of both approaches, we identified the key gene TNFAIP3. In both diseases, TNFAIP3 is an upregulated
gene. Subsequently, we analyzed the immunological profiles of the DEGs in the two diseases by using the CIBERSORT
algorithm and Spearman’s correlation analysis, highlighting the role of key genes in immune regulation. By using TNFAIP3
as a target protein, we predicted five promising drugs for the simultaneous treatment of PD and IA. In summary, these
findings suggest that TNFAIP3 may be a key factor in the development and progression of PD and IA, emphasizing their
potential as diagnostic markers and therapeutic targets.

The proteins encoded by TNFAIP3 are zinc finger proteins and ubiquitin editing enzymes. Among them, ubiquitin
editing enzymes have ubiquitin ligase and deubiquitinase activities and are involved in cytokine-mediated inflammatory
and immune responses [35]. In the NF-kB signaling pathway, TNFAIP3 negatively regulates NF-kB activation through
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TNFAIP3-Dexamethasone. (G) RMSD of TNFAIP3-Tretinoin. (H) Rg of TNFAIP3-Tretinoin. (I) RMSD of TNFAIP3-Imatinib. (J) Rg of TNFAIP3-Imatinib.
RMSD: root mean square deviation. Rg: radius of gyration.

https://doi.org/10.1371/journal.pone.0340882.9009

its deubiquitinating enzyme activity. When Toll-like receptor (TLR) or tumor necrosis factor receptor (TNFR) is activated,
TNFAIP3 terminates NF-kB signaling by removing the ubiquitin chain of key signaling molecules (e.g., RIP1, TRAF6),
preventing excessive inflammatory responses [36,37]. Periodontitis is a chronic inflammatory disease triggered by
plague microorganisms in which bacterial components (e.g., lipopolysaccharides) activate the I1kB kinase (IKK) complex
by binding to host cell-surface receptors (e.g., TLR2/TLR4), leading to the phosphorylation and degradation of IkB, the
release of NF-kB into the nucleus, and the initiation of proinflammatory factors (e.g., TNF-a, IL-1B, and IL-6) and matrix
metallo proteases (MMPs) transcription [38]. Sustained NF-kB activation leads to periodontal tissue inflammation, osteo-
clast activation, and connective tissue degradation. Furthermore, NF-kB promotes RANKL expression and exacerbates
alveolar bone destruction [39]. In H1N1 influenza, viral RNA is recognized by host intracellular receptors (e.g., RIG-I or
TLRY7), which activate the IKK complex and release NF-«kB [40]. Viral proteins can also directly inhibit kB and enhance
NF-kB activity. NF-kB drives a storm of cytokines (e.g., IL-6, IL-8, and TNF-a), leading to alveolar epithelial damage,
pulmonary edema, and multi-organ failure [41,42]. Excessive inflammation is the leading cause of death from severe
H1N1 infection. TNFAIP3 attenuates inflammatory injury by inhibiting the NF-kB pathway in both PD and IA diseases, but
its regulation may be tissue-specific. For example, it primarily targets TLR signaling in periodontitis, whereas it acts more
on the RIG-I pathway in influenza [43]. IL-17 promotes the NF-kB and MAPK pathways through activation of the TAK1
kinase, which induces the production of inflammatory factors. TNFAIP3 restricts IL-17-mediated inflammatory responses
by inhibiting ubiquitination of TAK1 and blocking downstream signaling [44]. In periodontitis, IL-17 exacerbates periodon-
tal tissue destruction by promoting neutrophil recruitment, proinflammatory factor release, and osteoclast differentiation
[45]. In a TNFAIP3-deficient mouse model of periodontitis, IL-17 levels were significantly elevated, accompanied by more
severe bone resorption and inflammatory responses, and the primary mechanism is that TNFAIP3 reduces osteoclast
differentiation by inhibiting TRAF6 ubiquitination downstream of IL-17R signaling [46,47]. IL-17 aggravates lung tissue
injury caused by H1N1 virus infection by recruiting neutrophils and activating macrophages [48]. TNFAIP3 can reduce the
release of pro-inflammatory factors (e.g., IL-6, IL-1f) by inhibiting the TLR/IL-17R signaling pathway, thereby alleviating
lung injury [49]. There are no direct studies examining the interaction between periodontitis and H1N1 influenza via the
IL-17 pathway, but both involve IL-17-mediated hyperinflammatory responses, and oral infections (e.g., periodontitis) may
exacerbate respiratory viral infection outcomes through systemic inflammation. In periodontitis, TNF-a is a central factor
mediating periodontal tissue destruction, which promotes osteoclast differentiation and leads to alveolar bone resorp-
tion. TNFAIP3 may indirectly reduce RANKL-mediated bone destruction by inhibiting the TNF signaling pathway [50].
TNF-a has a dual role in the excessive immune response triggered by H1N1 influenza virus infection. TNF-a inhibits viral
replication and facilitates viral clearance by activating macrophages and CD8+T cells [51]. However, excessive TNF-a
synergizes with IL-6 and IL-1(, leading to increased vascular permeability, pulmonary edema, and multi-organ damage,
especially in acute respiratory distress syndrome (ARDS) [52]. TNFAIP3 terminates multiple inflammatory signals (e.g.,
TLR, NLR pathways) through ubiquitin editing enzyme activity, targeting TNF receptor-associated factor (TRAF) and
receptor-interacting proteins (RIPs), a mechanism that is universal in bacterial inflammation (periodontitis) and viral infec-
tions (H1N1).

Immune cell infiltration analysis revealed the role of immune cells in PD and IA. Our results showed that plasma cells,
NK cells and Neutrophils infiltrated at significantly higher levels in PD combined with IA. Plasma cells are the main source
of the anti-inflammatory factors IL-35 and IL-37 in the gingival tissues of patients with periodontitis [53]. A study using
a mouse model of periodontitis found that NK cells produce pro-inflammatory cytokines through direct interaction with
periodontal pathogens, which in turn may lead to bacterial alveolar bone loss [54]. Previous studies have suggested that
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different NK cell subsets may correlate with the severity of influenza [55]. In patients with severe H1N1 influenza, the
proportion of NKp44 +cells was significantly increased, while the proportion of NKp44- cells was significantly decreased
[56]. Increased numbers of neutrophils in periodontal tissues caused by infection with periodontal pathogens including
P.gingivalis is one of the hallmarks of PD [57]. Increased numbers of neutrophils in the lungs of patients with IA are usually
caused by elevated levels of inflammatory cytokines [58], and these enriched neutrophils are able to prevent influenza-
induced lung damage [59]. It is notable that the key gene TNFAIP3, which we identified by using a machine learning algo-
rithm, did not function on the same immune cells in both diseases. For PD, given its chronic inflammatory nature and the
well-established anti-inflammatory effects of TNFAIP3, directly upregulating TNFAIP3 expression or enhancing its function
may serve as an effective strategy to target immune cells and suppress immune inflammatory responses. However, when
patients also have IA, simply enhancing or suppressing TNFAIP3 may not be advisable. This is because TNFAIP3 plays a
dual role: it can suppress antiviral immune responses to promote viral replication, yet it also functions as a host protective
factor to prevent immunopathology. Therefore, given TNFAIP3’s distinct role in PD and IA interactions with immune cells,
intervention targeting TNFAIP3 may require precisely balancing immunosuppression and antiviral response, such as by
targeting specific ubiquitination sites or downstream pathways.

We screened five potential drug molecules that may modulate TNFAIP3 expression to affect PD with IA: Vemurafenib,
Metformin, Dexamethasone, Tretinoin and Imatinib. The results of molecular docking experiments indicate that all five
drug molecules can act on the TNFAIP3 protein and form a stable structure. Vemurafenib is a selective BRAF inhibitor
that prevents the growth of cancer cells by inhibiting the activity of BRAF mutant proteins, and is approved for the treat-
ment of unresectable or metastatic melanoma bearing the V600OE mutation of BRAF [60]. Metformin is mainly used for the
treatment of type Il diabetes mellitus, especially in patients who are overweight or obese [61]. In recent years, research
on Metformin has focused on its anti-aging and anticancer effects [62,63]. Dexamethasone can inhibit the production
and release of inflammatory mediators by binding to intracellular glucocorticoid receptors and affecting gene transcrip-
tion, thereby reducing inflammatory responses and suppressing immune system overreactions [64]. Tretinoin is a vitamin
A derivative that is commonly used in the treatment of skin disorders, especially acne and skin aging [65]. It has been
suggested that retinoids, including Tretinoin, may play a role in the regeneration of periodontal tissues [66,67]. Imatinib, a
tyrosine kinase inhibitor, is used in the targeted treatment of chronic myeloid leukemia and gastrointestinal mesenchymal
tumors [68]. These results provide a research direction for targeting TNFAIP3 for the treatment of PD with IA, although
further validation through in vivo and in vitro experiments is needed.

In this study, we integrated a variety of advanced techniques including bioinformatics, machine learning, drug
prediction, and molecular docking as a way to identify the key gene TNFAIP3 and delve deeper into its role in the
immune response. The reliability of our findings was enhanced by validation in the dataset. However, our study does
have some limitations. Firstly, the sample size of the dataset we included is relatively small, which may introduce
some bias in the analysis results. To address this issue, we will use a dataset with a larger sample size for future
analysis. Secondly, the samples we used for bioinformatics analysis were from different tissues, which had some
impact on the final results. For example, when performing gene ontology expression analyses of cDEGs, the biolog-
ical functions of different tissues will differ. Thirdly, we recognize the need for further experimental validation of the
role of key genes in signaling pathways. Considering the existence of tissue-specific effects, an ideal therapeutic
strategy should integrate high-precision diagnostic technologies to identify the expression status of TNFAIP3 in dis-
eased tissues. Based on its expression levels across different tissues and its distinct functions in specific cell types,
personalized interventions should be implemented using precise, spatially controllable delivery platforms. Future
research will focus on developing precise modulators targeting TNFAIP3 to optimize its immunoregulatory effects
across diverse diseases and tissues. Alternatively, nanotechnology may be employed to achieve targeted delivery of
TNFAIP3 or its modulators, thereby enhancing therapeutic efficacy and minimizing side effects, particularly in com-
plex comorbidities.
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Conclusions

In this study, TNFAIP3 was identified as a common key gene of PD and IA by bioinformatics and machine learning
methods. Meanwhile, the possible functional roles and immune mechanisms of TNFAIP3 in PD and |IA were explored,
and promising drugs for the combined treatment of the two diseases were further identified. Our work lays a theoretical
foundation for further elucidation of the pathophysiologic mechanisms of PD and IA, and provides new strategies for the
diagnosis and treatment of these two diseases.

Supporting information
S1 Table. Five drug molecules predicted based on TNFAIP3.
(C8V)

S2 Table. Optimal conformations of five drug molecules for targeted binding with TNFAIP3.
(C8V)

Acknowledgments

We would like to express our heartfelt thanks to the creators of the database and the developers of the software.

Author contributions

Conceptualization: Mingxiang Xu.

Data curation: Mingxiang Xu, Jiaxin Shi.

Formal analysis: Yang Wang, Luwei Zhang.

Funding acquisition: Yudong Wu, Xin Li, Kebin Xu.
Investigation: Yang Wang, Jie Wu, Yinpeng Li, Luwei Zhang.
Methodology: Mingxiang Xu.

Project administration: Lin Ye, Xin Li, Kebin Xu.

Resources: Jie Wu, Yinpeng Li, Xin Liu.

Software: Mingxiang Xu, Jiaxin Shi, Qiaozhi Yang, Weiyun Chen.
Supervision: Fu Ren, Yudong Wu.

Validation: Jiaxin Shi, Yang Wang, Jie Wu.

Visualization: Mingxiang Xu, Jiaxin Shi, Yang Wang, Qiaozhi Yang, Weiyun Chen.
Writing — original draft: Mingxiang Xu.

Writing — review & editing: Xin Li.

References

1. Hajishengallis G. Periodontitis: from microbial immune subversion to systemic inflammation. Nat Rev Immunol. 2015;15(1):30—44. https://doi.
0rg/10.1038/nri3785 PMID: 25534621

2. Van Dyke TE. Pro-resolving mediators in the regulation of periodontal disease. Mol Aspects Med. 2017;58:21-36. https://doi.org/10.1016/].
mam.2017.04.006 PMID: 28483532

3. Herrero ER, Fernandes S, Verspecht T, Ugarte-Berzal E, Boon N, Proost P, et al. Dysbiotic Biofilms Deregulate the Periodontal Inflammatory
Response. J Dent Res. 2018;97(5):547-55. https://doi.org/10.1177/0022034517752675 PMID: 29394879

4. Kirst ME, Li EC, Alfant B, Chi Y-Y, Walker C, Magnusson I, et al. Dysbiosis and alterations in predicted functions of the subgingival microbiome in
chronic periodontitis. Appl Environ Microbiol. 2015;81(2):783-93. https://doi.org/10.1128/AEM.02712-14 PMID: 25398868

PLOS One | https://doi.org/10.1371/journal.pone.0340882 January 27, 2026 17 /20



http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0340882.s001
http://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0340882.s002
https://doi.org/10.1038/nri3785
https://doi.org/10.1038/nri3785
http://www.ncbi.nlm.nih.gov/pubmed/25534621
https://doi.org/10.1016/j.mam.2017.04.006
https://doi.org/10.1016/j.mam.2017.04.006
http://www.ncbi.nlm.nih.gov/pubmed/28483532
https://doi.org/10.1177/0022034517752675
http://www.ncbi.nlm.nih.gov/pubmed/29394879
https://doi.org/10.1128/AEM.02712-14
http://www.ncbi.nlm.nih.gov/pubmed/25398868

PLO\Sﬁ\\.- One

10.

1.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

Loesche WJ, Gusberti F, Mettraux G, Higgins T, Syed S. Relationship between oxygen tension and subgingival bacterial flora in untreated human
periodontal pockets. Infect Immun. 1983;42(2):659—67. https://doi.org/10.1128/iai.42.2.659-667.1983 PMID: 6642647

Baeza M, Morales A, Cisterna C, Cavalla F, Jara G, Isamitt Y. Effect of periodontal treatment in patients with periodontitis and diabetes: systematic
review and meta-analysis. J Appl Oral Sci. 2020;28:€20190248. PMID: 31939522

Bui FQ, Almeida-da-Silva CLC, Huynh B, Trinh A, Liu J, Woodward J. Association between periodontal pathogens and systemic disease. Biomed J.
2019;42(1):27-35. PMID: 30987702

Michaud DS, Fu Z, Shi J, Chung M. Periodontal disease, tooth loss, and cancer risk. Epidemiol Rev. 2017;39(1):49-58. PMID: 28449041

Kerr JE, Abramian JR, Dao D-HV, Rigney TW, Fritz J, Pham T, et al. Genetic exchange of fimbrial alleles exemplifies the adaptive virulence strat-
egy of Porphyromonas gingivalis. PLoS One. 2014;9(3):e91696. https://doi.org/10.1371/journal.pone.0091696 PMID: 24626479

Sakai E, Naito M, Sato K, Hotokezaka H, Kadowaki T, Kamaguchi A, et al. Construction of recombinant hemagglutinin derived from the gingipain-
encoding gene of Porphyromonas gingivalis, identification of its target protein on erythrocytes, and inhibition of hemagglutination by an interdomain
regional peptide. J Bacteriol. 2007;189(11):3977-86. https://doi.org/10.1128/JB.01691-06 PMID: 17384191

Stathopoulou PG, Benakanakere MR, Galicia JC, Kinane DF. The host cytokine response to Porphyromonas gingivalis is modified by gingipains.
Oral Microbiol Immunol. 2009;24(1):11-7. https://doi.org/10.1111/j.1399-302X.2008.00467.x PMID: 19121064

Zenobia C, Hajishengallis G. Porphyromonas gingivalis virulence factors involved in subversion of leukocytes and microbial dysbiosis. Virulence.
2015;6(3):236—43. https://doi.org/10.1080/21505594.2014.999567 PMID: 25654623

Vousden N, Knight M. Lessons learned from the A (H1N1) influenza pandemic. Best Pract Res Clin Obstet Gynaecol. 2021;76:41-52. https://doi.
org/10.1016/j.bpobgyn.2020.08.006 PMID: 33144076

Guo L, Wang Q, Zhang D. MicroRNA-4485 ameliorates severe influenza pneumonia via inhibition of the STAT3/PI3K/AKT signaling pathway. Oncol
Lett. 2020;20(5):215. https://doi.org/10.3892/01.2020.12078 PMID: 32963621

Zhang G, Song C, Yin M, Liu L, Zhang Y, Li Y, et al. TRAPT: a multi-stage fused deep learning framework for predicting transcriptional regulators
based on large-scale epigenomic data. Nat Commun. 2025;16(1):3611. https://doi.org/10.1038/s41467-025-58921-0 PMID: 40240358

Mans JJ, von Lackum K, Dorsey C, Willis S, Wallet SM, Baker HV, et al. The degree of microbiome complexity influences the epithelial response to
infection. BMC Genomics. 2009;10:380. https://doi.org/10.1186/1471-2164-10-380 PMID: 19689803

Handfield M, Mans JJ, Zheng G, Lopez MC, Mao S, Progulske-Fox A, et al. Distinct transcriptional profiles characterize oral epithelium-microbiota
interactions. Cell Microbiol. 2005;7(6):811-23. https://doi.org/10.1111/j.1462-5822.2005.00513.x PMID: 15888084

Papapanou PN, Behle JH, Kebschull M, Celenti R. Subgingival bacterial colonization profiles correlate with gingival tissue gene expression. BMC
Microbiology. 2009;9(221). PMID: 19835625

Kebschull M, Demmer RT, Griin B, Guarnieri P, Pavlidis P, Papapanou PN. Gingival tissue transcriptomes identify distinct periodontitis phenotypes.
J Dent Res. 2014;93(5):459-68. https://doi.org/10.1177/0022034514527288 PMID: 24646639

Loveday E-K, Svinti V, Diederich S, Pasick J, Jean F. Temporal- and strain-specific host microRNA molecular signatures associated with swine-origin
H1N1 and avian-origin H7N7 influenza A virus infection. J Virol. 2012;86(11):6109-22. https://doi.org/10.1128/JVI1.06892-11 PMID: 22438559

Gerlach RL, Camp JV, Chu Y-K, Jonsson CB. Early host responses of seasonal and pandemic influenza A viruses in primary well-differentiated
human lung epithelial cells. PLoS One. 2013;8(11):e78912. https://doi.org/10.1371/journal.pone.0078912 PMID: 24244384

Wang B, Lam TH, Soh MK, Ye Z, Chen J, Ren EC. Influenza A Virus Facilitates Its Infectivity by Activating p53 to Inhibit the Expression of
Interferon-Induced Transmembrane Proteins. Front Immunol. 2018;9:1193. https://doi.org/10.3389/fimmu.2018.01193 PMID: 29904383

Leek JT, Johnson WE, Parker HS, Jaffe AE, Storey JD. The sva package for removing batch effects and other unwanted variation in high-
throughput experiments. Bioinformatics. 2012;28(6):882-3. PMID: 22257669

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers differential expression analyses for RNA-sequencing and microarray
studies. Nucleic Acids Res. 2015;43(7):e47. https://doi.org/10.1093/nar/gkv007 PMID: 25605792

Kanehisa M, Goto S. KEGG: kyoto encyclopedia of genes and genomes. Nucleic Acids Res. 2000;28(1):27-30. https://doi.org/10.1093/nar/28.1.27
PMID: 10592173

Duan J, Soussen C, Brie D, Idier J, Wan M, Wang Y-P. Generalized LASSO with under-determined regularization matrices. Signal Processing.
2016;127:239-46. https://doi.org/10.1016/j.sigpro.2016.03.001 PMID: 27346902

Huang M-L, Hung Y-H, Lee WM, Li RK, Jiang B-R. SVM-RFE based feature selection and Taguchi parameters optimization for multiclass SVM
classifier. ScientificWorldJournal. 2014;2014:795624. https://doi.org/10.1155/2014/795624 PMID: 25295306

Robin X, Turck N, Hainard A, Tiberti N, Lisacek F, Sanchez J-C, et al. pPROC: an open-source package for R and S+ to analyze and compare ROC
curves. BMC Bioinformatics. 2011;12:77. https://doi.org/10.1186/1471-2105-12-77 PMID: 21414208

Newman AM, Liu CL, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Meth-
ods. 2015;12(5):453-7. https://doi.org/10.1038/nmeth.3337 PMID: 25822800

Wang Z, He E, Sani K, Jagodnik KM, Silverstein MC, Ma’ayan A. Drug gene budger (DGB): an application for ranking drugs to modulate a specific
gene based on transcriptomic signatures. Bioinformatics. 2019;35(7):1247-8. PMID: 30169739

PLOS One | https://doi.org/10.1371/journal.pone.0340882 January 27, 2026 18720



https://doi.org/10.1128/iai.42.2.659-667.1983
http://www.ncbi.nlm.nih.gov/pubmed/6642647
http://www.ncbi.nlm.nih.gov/pubmed/31939522
http://www.ncbi.nlm.nih.gov/pubmed/30987702
http://www.ncbi.nlm.nih.gov/pubmed/28449041
https://doi.org/10.1371/journal.pone.0091696
http://www.ncbi.nlm.nih.gov/pubmed/24626479
https://doi.org/10.1128/JB.01691-06
http://www.ncbi.nlm.nih.gov/pubmed/17384191
https://doi.org/10.1111/j.1399-302X.2008.00467.x
http://www.ncbi.nlm.nih.gov/pubmed/19121064
https://doi.org/10.1080/21505594.2014.999567
http://www.ncbi.nlm.nih.gov/pubmed/25654623
https://doi.org/10.1016/j.bpobgyn.2020.08.006
https://doi.org/10.1016/j.bpobgyn.2020.08.006
http://www.ncbi.nlm.nih.gov/pubmed/33144076
https://doi.org/10.3892/ol.2020.12078
http://www.ncbi.nlm.nih.gov/pubmed/32963621
https://doi.org/10.1038/s41467-025-58921-0
http://www.ncbi.nlm.nih.gov/pubmed/40240358
https://doi.org/10.1186/1471-2164-10-380
http://www.ncbi.nlm.nih.gov/pubmed/19689803
https://doi.org/10.1111/j.1462-5822.2005.00513.x
http://www.ncbi.nlm.nih.gov/pubmed/15888084
http://www.ncbi.nlm.nih.gov/pubmed/19835625
https://doi.org/10.1177/0022034514527288
http://www.ncbi.nlm.nih.gov/pubmed/24646639
https://doi.org/10.1128/JVI.06892-11
http://www.ncbi.nlm.nih.gov/pubmed/22438559
https://doi.org/10.1371/journal.pone.0078912
http://www.ncbi.nlm.nih.gov/pubmed/24244384
https://doi.org/10.3389/fimmu.2018.01193
http://www.ncbi.nlm.nih.gov/pubmed/29904383
http://www.ncbi.nlm.nih.gov/pubmed/22257669
https://doi.org/10.1093/nar/gkv007
http://www.ncbi.nlm.nih.gov/pubmed/25605792
https://doi.org/10.1093/nar/28.1.27
http://www.ncbi.nlm.nih.gov/pubmed/10592173
https://doi.org/10.1016/j.sigpro.2016.03.001
http://www.ncbi.nlm.nih.gov/pubmed/27346902
https://doi.org/10.1155/2014/795624
http://www.ncbi.nlm.nih.gov/pubmed/25295306
https://doi.org/10.1186/1471-2105-12-77
http://www.ncbi.nlm.nih.gov/pubmed/21414208
https://doi.org/10.1038/nmeth.3337
http://www.ncbi.nlm.nih.gov/pubmed/25822800
http://www.ncbi.nlm.nih.gov/pubmed/30169739

PLO\Sﬁ\\.- One

31. Subramanian A, Narayan R, Corsello SM, Peck DD, Natoli TE, Lu X. A next generation connectivity map: L1000 platform and the first 1,000,000
profiles. Cell. 2017;171(6):1437-1452.e17. PMID: 29195078

32. Lamb J, Crawford ED, Peck D, Modell JW, Blat IC, Wrobel MJ. The Connectivity Map: using gene-expression signatures to connect small mole-
cules, genes, and disease. Science. 2006;313(5795):1929-35. PMID: 17008526

33. Wang Z, Monteiro CD, Jagodnik KM, Fernandez NF, Gundersen GW, Rouillard AD, et al. Extraction and analysis of signatures from the Gene
Expression Omnibus by the crowd. Nat Commun. 2016;7:12846. https://doi.org/10.1038/ncomms 12846 PMID: 27667448

34. Pronk S, Pall S, Schulz R, Larsson P, Bjelkmar P, Apostolov R, et al. GROMACS 4.5: a high-throughput and highly parallel open source molecular
simulation toolkit. Bioinformatics. 2013;29(7):845-54. https://doi.org/10.1093/bioinformatics/bts703 PMID: 23407358

35. Lim MCC, Maubach G, Sokolova O, Feige MH, Diezko R, Buchbinder J, et al. Pathogen-induced ubiquitin-editing enzyme A20 bifunctionally
shuts off NF-kB and caspase-8-dependent apoptotic cell death. Cell Death Differ. 2017;24(9):1621-31. https://doi.org/10.1038/cdd.2017.89 PMID:
28574503

36. Lee EG, Boone DL, Chai S, Libby SL, Chien M, Lodolce JP, et al. Failure to regulate TNF-induced NF-kappaB and cell death responses in A20-
deficient mice. Science. 2000;289(5488):2350—4. https://doi.org/10.1126/science.289.5488.2350 PMID: 11009421

37. Wertz IE, O’'Rourke KM, Zhou H, Eby M, Aravind L, Seshagiri S, et al. De-ubiquitination and ubiquitin ligase domains of A20 downregulate NF-
kappaB signalling. Nature. 2004;430(7000):694-9. https://doi.org/10.1038/nature02794 PMID: 15258597

38. Hasturk H, Kantarci A, Goguet-Surmenian E, Blackwood A, Andry C, Serhan CN, et al. Resolvin E1 regulates inflammation at the cellular and
tissue level and restores tissue homeostasis in vivo. J Immunol. 2007;179(10):7021-9. https://doi.org/10.4049/jimmunol.179.10.7021 PMID:
17982093

39. Baker RG, Hayden MS, Ghosh S. NF-kB, inflammation, and metabolic disease. Cell Metab. 2011;13(1):11-22. https://doi.org/10.1016/].
cmet.2010.12.008 PMID: 21195345

40. Ludwig S, Planz O, Pleschka S, Wolff T. Influenza-virus-induced signaling cascades: targets for antiviral therapy?. Trends Mol Med. 2003;9(2):46—
52. https://doi.org/10.1016/s1471-4914(02)00010-2 PMID: 12615037

41. Kircheis R, Haasbach E, Lueftenegger D, Heyken WT, Ocker M, Planz O. NF-kB Pathway as a Potential Target for Treatment of Critical Stage
COVID-19 Patients. Front Immunol. 2020;11:598444. PMID: 33362782

42. Abdul-Careem MF, Mian MF, Yue G, Gillgrass A, Chenoweth MJ, Barra NG, et al. Critical role of natural killer cells in lung immunopathology during
influenza infection in mice. J Infect Dis. 2012;206(2):167—77. https://doi.org/10.1093/infdis/jis227 PMID: 22561366

43. Catrysse L, Vereecke L, Beyaert R, van Loo G. A20 in inflammation and autoimmunity. Trends Immunol. 2014;35(1):22-31. https://doi.
0rg/10.1016/.it.2013.10.005 PMID: 24246475

44. Maitra U, Davis S, Reilly CM, Li L. Differential regulation of Foxp3 and IL-17 expression in CD4 T helper cells by IRAK-1. J Immunol.
2009;182(9):5763-9. https://doi.org/10.4049/jimmunol.0900124 PMID: 19380824

45. Trombone AP, Claudino M, Colavite P, de Assis GF, Avila-Campos MJ, Silva JS, et al. Periodontitis and arthritis interaction in mice involves a
shared hyper-inflammatory genotype and functional immunological interferences. Genes Immun. 2010;11(6):479-89. https://doi.org/10.1038/
gene.2010.13 PMID: 20428191

46. Yan K, WuC, YeY, LiL, Wang X, He W, et al. A20 inhibits osteoclastogenesis via TRAF6-dependent autophagy in human periodontal ligament
cells under hypoxia. Cell Prolif. 2020;53(3):e12778. https://doi.org/10.1111/cpr.12778 PMID: 32027437

47. ZhanY, Lu R, Meng H, Hou J, Huang W, Wang X, et al. Platelets as inflammatory mediators in a murine model of periodontitis. J Clin Periodontol.
2020;47(5):572-82. https://doi.org/10.1111/jcpe.13265 PMID: 32017185

48. Crowe CR, Chen K, Pociask DA, Alcorn JF, Krivich C, Enelow RI, et al. Critical role of IL-17RA in immunopathology of influenza infection. J Immu-
nol. 2009;183(8):5301—-10. https://doi.org/10.4049/jimmunol.0900995 PMID: 19783685

49. Newcomb DC, Boswell MG, Reiss S, Zhou W, Goleniewska K, Toki S, et al. IL-17A inhibits airway reactivity induced by respiratory syncytial virus
infection during allergic airway inflammation. Thorax. 2013;68(8):717-23. https://doi.org/10.1136/thoraxjnl-2012-202404 PMID: 23422214

50. Hah Y-S, Lee Y-R, Jun J-S, Lim H-S, Kim H-O, Jeong Y-G, et al. A20 suppresses inflammatory responses and bone destruction in human
fibroblast-like synoviocytes and in mice with collagen-induced arthritis. Arthritis Rheum. 2010;62(8):2313-21. https://doi.org/10.1002/art.27545
PMID: 20506221

51. Saitoh T, Yamamoto M, Miyagishi M, Taira K, Nakanishi M, Fujita T, et al. A20 is a negative regulator of IFN regulatory factor 3 signaling. J Immu-
nol. 2005;174(3):1507—12. https://doi.org/10.4049/jimmunol.174.3.1507 PMID: 15661910

52. Maelfait J, Roose K, Vereecke L, Mc Guire C, Sze M, Schuijs MJ, et al. A20 deficiency in lung epithelial cells protects against influenza A Virus
infection. PLoS Pathog. 2016;12(1):e1005410. https://doi.org/10.1371/journal.ppat.1005410 PMID: 26815999

53. JingL, Kim S, Sun L, Wang L, Mildner E, Divaris K, et al. IL-37- and IL-35/IL-37-producing plasma cells in chronic periodontitis. J Dent Res.
2019;98(7):813-21. https://doi.org/10.1177/0022034519847443 PMID: 31050915

54. Wilensky A, Polak D, Awawdi S, Halabi A, Shapira L, Houri-Haddad Y. Strain-dependent activation of the mouse immune response is correlated
with Porphyromonas gingivalis-induced experimental periodontitis. J Clin Periodontol. 2009;36(11):915-21. https://doi.org/10.1111/j.1600-
051X.2009.01464.x PMID: 19735468

PLOS One | https://doi.org/10.1371/journal.pone.0340882 January 27, 2026 19/20



http://www.ncbi.nlm.nih.gov/pubmed/29195078
http://www.ncbi.nlm.nih.gov/pubmed/17008526
https://doi.org/10.1038/ncomms12846
http://www.ncbi.nlm.nih.gov/pubmed/27667448
https://doi.org/10.1093/bioinformatics/bts703
http://www.ncbi.nlm.nih.gov/pubmed/23407358
https://doi.org/10.1038/cdd.2017.89
http://www.ncbi.nlm.nih.gov/pubmed/28574503
https://doi.org/10.1126/science.289.5488.2350
http://www.ncbi.nlm.nih.gov/pubmed/11009421
https://doi.org/10.1038/nature02794
http://www.ncbi.nlm.nih.gov/pubmed/15258597
https://doi.org/10.4049/jimmunol.179.10.7021
http://www.ncbi.nlm.nih.gov/pubmed/17982093
https://doi.org/10.1016/j.cmet.2010.12.008
https://doi.org/10.1016/j.cmet.2010.12.008
http://www.ncbi.nlm.nih.gov/pubmed/21195345
https://doi.org/10.1016/s1471-4914(02)00010-2
http://www.ncbi.nlm.nih.gov/pubmed/12615037
http://www.ncbi.nlm.nih.gov/pubmed/33362782
https://doi.org/10.1093/infdis/jis227
http://www.ncbi.nlm.nih.gov/pubmed/22561366
https://doi.org/10.1016/j.it.2013.10.005
https://doi.org/10.1016/j.it.2013.10.005
http://www.ncbi.nlm.nih.gov/pubmed/24246475
https://doi.org/10.4049/jimmunol.0900124
http://www.ncbi.nlm.nih.gov/pubmed/19380824
https://doi.org/10.1038/gene.2010.13
https://doi.org/10.1038/gene.2010.13
http://www.ncbi.nlm.nih.gov/pubmed/20428191
https://doi.org/10.1111/cpr.12778
http://www.ncbi.nlm.nih.gov/pubmed/32027437
https://doi.org/10.1111/jcpe.13265
http://www.ncbi.nlm.nih.gov/pubmed/32017185
https://doi.org/10.4049/jimmunol.0900995
http://www.ncbi.nlm.nih.gov/pubmed/19783685
https://doi.org/10.1136/thoraxjnl-2012-202404
http://www.ncbi.nlm.nih.gov/pubmed/23422214
https://doi.org/10.1002/art.27545
http://www.ncbi.nlm.nih.gov/pubmed/20506221
https://doi.org/10.4049/jimmunol.174.3.1507
http://www.ncbi.nlm.nih.gov/pubmed/15661910
https://doi.org/10.1371/journal.ppat.1005410
http://www.ncbi.nlm.nih.gov/pubmed/26815999
https://doi.org/10.1177/0022034519847443
http://www.ncbi.nlm.nih.gov/pubmed/31050915
https://doi.org/10.1111/j.1600-051X.2009.01464.x
https://doi.org/10.1111/j.1600-051X.2009.01464.x
http://www.ncbi.nlm.nih.gov/pubmed/19735468

PLO\S\% One

55. Heltzer ML, Coffin SE, Maurer K, Bagashev A, Zhang Z, Orange JS, et al. Inmune dysregulation in severe influenza. J Leukoc Biol.
2009;85(6):1036—43. https://doi.org/10.1189/jlb.1108710 PMID: 19276177

56. Juarez-Reyes A, Noyola DE, Monsivais-Urenda A, Alvarez-Quiroga C, Gonzalez-Amaro R. Influenza virus infection but not HIN1 influenza
virus immunization is associated with changes in peripheral blood NK cell subset levels. Clin Vaccine Immunol. 2013;20(8):1291-7. https://doi.
org/10.1128/CV1.00194-13 PMID: 23784853

57. Barros SP, Williams R, Offenbacher S, Morelli T. Gingival crevicular fluid as a source of biomarkers for periodontitis. Periodontol 2000.
2016;70(1):53-64. https://doi.org/10.1111/prd.12107 PMID: 26662482

58. Tate MD, loannidis LJ, Croker B, Brown LE, Brooks AG, Reading PC. The role of neutrophils during mild and severe influenza virus infections of
mice. PLoS One. 2011;6(3):e17618. https://doi.org/10.1371/journal.pone.0017618 PMID: 21423798

59. Tate MD, Deng Y-M, Jones JE, Anderson GP, Brooks AG, Reading PC. Neutrophils ameliorate lung injury and the development of severe disease
during influenza infection. J Immunol. 2009;183(11):7441-50. https://doi.org/10.4049/jimmunol.0902497 PMID: 19917678

60. Chapman PB, Hauschild A, Robert C, Haanen JB, Ascierto P, Larkin J, et al. Improved survival with vemurafenib in melanoma with BRAF V600E
mutation. N Engl J Med. 2011;364(26):2507-16. https://doi.org/10.1056/NEJMoa1103782 PMID: 21639808

61. Inzucchi SE, Maggs DG, Spollett GR, Page SL, Rife FS, Walton V. Efficacy and metabolic effects of metformin and troglitazone in type Il diabetes
mellitus. N Engl J Med. 1998;338(13):867—72. PMID: 9516221

62. Check Hayden E. Anti-ageing pill pushed as bona fide drug. Nature. 2015;522(7556):265-6. https://doi.org/10.1038/522265a PMID: 26085249

63. Thakkar B, Aronis KN, Vamvini MT, Shields K, Mantzoros CS. Metformin and sulfonylureas in relation to cancer risk in type Il diabetes patients:
a meta-analysis using primary data of published studies. Metabolism. 2013;62(7):922—34. https://doi.org/10.1016/j.metabol.2013.01.014 PMID:
23419783

64. Black R, Grodzinsky AJ. Dexamethasone: chondroprotective corticosteroid or catabolic killer?. Eur Cell Mater. 2019;38:246—63. PMID: 31755076

65. Samadi A, Sartipi Z, Ahmad Nasrollahi S, Sheikholeslami B, Nassiri Kashani M, Rouini MR, et al. Efficacy assessments of tretinoin-loaded nano
lipid carriers in acne vulgaris: a double blind, split-face randomized clinical study. Arch Dermatol Res. 2022;314(6):553-61. https://doi.org/10.1007/
s00403-021-02256-5 PMID: 34146120

66. Groeger S, Jarzina F, Windhorst A, Meyle J. Influence of retinoic acid on human gingival epithelial barriers. J Periodontal Res. 2016;51(6):748-57.
https://doi.org/10.1111/jre.12351 PMID: 26833138

67. GuoL, Zhang, Liu H, Cheng Q, Yang S, Yang D. All-trans retinoic acid inhibits the osteogenesis of periodontal ligament stem cells by promoting
IL-1B production via NF-kB signaling. Int Immunopharmacol. 2022;108:108757. https://doi.org/10.1016/j.intimp.2022.108757 PMID: 35436742

68. Sun X, Zhang Q, Lin X, Shu P, Gao X, Shen K. Imatinib induces ferroptosis in gastrointestinal stromal tumors by promoting STUB1-mediated GPX4
ubiquitination. Cell Death Dis. 2023;14(12):839. https://doi.org/10.1038/s41419-023-06300-2 PMID: 38110356

PLOS One | https://doi.org/10.1371/journal.pone.0340882 January 27, 2026 20/20



https://doi.org/10.1189/jlb.1108710
http://www.ncbi.nlm.nih.gov/pubmed/19276177
https://doi.org/10.1128/CVI.00194-13
https://doi.org/10.1128/CVI.00194-13
http://www.ncbi.nlm.nih.gov/pubmed/23784853
https://doi.org/10.1111/prd.12107
http://www.ncbi.nlm.nih.gov/pubmed/26662482
https://doi.org/10.1371/journal.pone.0017618
http://www.ncbi.nlm.nih.gov/pubmed/21423798
https://doi.org/10.4049/jimmunol.0902497
http://www.ncbi.nlm.nih.gov/pubmed/19917678
https://doi.org/10.1056/NEJMoa1103782
http://www.ncbi.nlm.nih.gov/pubmed/21639808
http://www.ncbi.nlm.nih.gov/pubmed/9516221
https://doi.org/10.1038/522265a
http://www.ncbi.nlm.nih.gov/pubmed/26085249
https://doi.org/10.1016/j.metabol.2013.01.014
http://www.ncbi.nlm.nih.gov/pubmed/23419783
http://www.ncbi.nlm.nih.gov/pubmed/31755076
https://doi.org/10.1007/s00403-021-02256-5
https://doi.org/10.1007/s00403-021-02256-5
http://www.ncbi.nlm.nih.gov/pubmed/34146120
https://doi.org/10.1111/jre.12351
http://www.ncbi.nlm.nih.gov/pubmed/26833138
https://doi.org/10.1016/j.intimp.2022.108757
http://www.ncbi.nlm.nih.gov/pubmed/35436742
https://doi.org/10.1038/s41419-023-06300-2
http://www.ncbi.nlm.nih.gov/pubmed/38110356

