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Abstract

Periodontitis is a chronic inflammatory disease affecting tooth-supporting tissues. Beyond microbial dysbiosis, host meta-
bolic regulation plays a critical role. This study identified ornithine aminotransferase (OAT), a mitochondrial enzyme in
amino acid metabolism, as associated with altered fibroblast phenotypes and metabolic profiles in periodontitis. Integrative
genetic analysis showed a putative causal relationship between increased OAT expression and disease risk. Single-cell
RNA-Seq revealed OAT enrichment in fibroblasts, especially in subsets with inflammatory and matrix-remodeling charac-
teristics. In diseased tissues, OAT-positive fibroblasts exhibited heightened metabolic activity and acted as central nodes in
intercellular communication with immune and endothelial cells. Pseudotime analysis indicated progressive downregulation
of OAT during fibroblast differentiation. OAT expression correlated with activation of arginine and proline metabolism,
implicating a role in sustaining inflammation and matrix degradation. These results suggest that OAT contributes to peri-
odontal tissue damage and may serve as a therapeutic target.
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Introduction

Periodontitis is a chronic inflammatory and metabolic
disorder initiated by oral biofilms. It leads to progressive
destruction of the tooth-supporting structures and is linked
to systemic health complications [1, 2]. Epidemiological
studies estimate that severe periodontitis affects approxi-
mately 11.2% of the global population [3]. Current treat-
ment strategies primarily include scaling and root planing
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(SRP), surgical intervention, and antimicrobial therapies
[4]. SRP is effective in the early stages but becomes less
predictable in advanced or anatomically complex cases [5].
Surgical procedures provide access to deeper lesions but
often yield variable outcomes depending on disease sever-
ity and patient factors [6]. While systemic antibiotics can
improve treatment outcomes, their use is limited by adverse
effects and antimicrobial resistance [7]. In contrast, local
antimicrobials offer targeted delivery but are expensive and
require repeated dosing [8]. Notably, these conventional
approaches primarily manage symptoms without address-
ing the root causes, often resulting in disease recurrence.
Growing evidence indicates that genetic predisposition
significantly influences an individual’s risk of developing
periodontitis, as well as the severity and progression of
the disease [9]. Although bacterial biofilms act as the pri-
mary trigger for inflammation, the host’s genetic makeup
plays a central role in shaping immune responses and tissue
remodeling [10, 11]. Genetic variations in key regulators
of inflammation—such as cytokines (IL-1, IL-6, IL-10),
pattern recognition receptors including Toll-like and Fcy
receptors, as well as tissue-degrading enzymes like matrix
metalloproteinases and COX-2—have been linked to indi-
vidual differences in disease severity and bone loss [12—14].
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These mediators are regulated by genetic factors. Iden-
tifying relevant gene polymorphisms could help explain
individual susceptibility to periodontitis and promote per-
sonalized therapies that target the biological mechanisms of
disease rather than just alleviating symptoms [15].

To explore novel therapeutic avenues for periodontitis,
we integrated genome-wide association study (GWAS)
data with blood expression quantitative trait loci (eQTL)
information, employing a stepwise analytical framework.
This comprehensive pipeline encompassed Mendelian ran-
domization (MR), colocalization analysis, phenome-wide
association studies (PheWAS), enrichment analysis, single-
cell RNA-Seq, drug repurposing prediction, and molecular
docking. Through this approach, we identified genetic loci
potentially associated with disease susceptibility, aiming
to facilitate the development of more precise and effective
therapeutic strategies for periodontitis.

Fig. 1 Flow chart of this study
design.

Methods

The overall workflow of this study was presented in Fig. 1.
Exposure Data

Druggable genes were identified from two sources: the
Drug-Gene Interaction Database (DGIdb, https://www.
dgidb.org/) [16] and a curated list by Finan et al. [17],
resulting in a combined set of 5,883 genes [18]. Cis-
eQTLs were obtained from the eQTLGen consortium
[19], which includes data on 16,987 genes derived from
31,684 blood samples of individuals of European ances-
try. By intersecting these datasets, a total of 3,275 genes
were retained and designated as the exposure variables
for the present study.
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Outcome Data

Genetic summary statistics for periodontitis were obtained
from FINNGEN 11, last updated on June 24, 2024. The
dataset included 406,876 individuals of European ancestry,
with 118,404 cases and 288,472 controls [20].

MR Analysis and Colocalization Analysis

MR analyses were conducted using the R package TwoSam-
pleMR (version 0.6.6) [21], with cis-eQTLs of FDR (False
Discovery Rate) < 0.05 within £+ 100 kb of each gene’s tran-
scription start site selected as exposure instruments. SNPs
(single-nucleotide polymorphism) were clumped based on
linkage disequilibrium (r* = 0.20, window = 10,000 kb)
[22], to retain a broader set of variants and increase statis-
tical power, as adopted in previous MR study [23]. SNPs
were harmonized with outcome data, and assessed for
strength using F-statistics (threshold > 10) [24]. To account
for pleiotropy, five MR methods were applied: inverse
variance weighting (IVW), MR-Egger, weighted median,
simple mode, and weighted mode [25]. Consistent findings
across methods were considered robust. Heterogeneity and
causal direction were evaluated using Cochran’s Q and the
Steiger test, respectively [26].

To account for potential confounding when a single SNP
is associated with multiple genes, colocalization analysis
was conducted to assess whether periodontitis and gene
expression share a causal variant. For genes with signifi-
cant MR signals, the R package COLOC (v5.2.3) [27] was
used with default prior probabilities (pl = le — 4, p2 = le
— 4, pl2 = le — 5) [28]. In this framework, pl indicates
the probability of association with periodontitis, p2 with
gene expression, and p12 with both traits. Five hypotheses
were tested: PPHO (no association with either trait), PPH1
(association with gene expression only), PPH2 (association
with periodontitis only), PPH3 (both traits associated but
with distinct causal variants), and PPH4 (both traits associ-
ated and sharing a single causal variant). A high PPH4 value
(typically > 0.9) was interpreted as strong evidence of colo-
calization, suggesting a shared genetic mechanism underly-
ing both traits.

Phenome-wide MR Analysis

To assess horizontal pleiotropy and potential side effects
of candidate drug targets, a phenome-wide association
study was performed using the AstraZeneca Phe WAS Por-
tal (https://azphewas.com/, software 28, Data Public 5.4,
accessed 23 May 2024), based on data from 450,000 UK
Biobank participants across 15,500 binary and 1,500 con-
tinuous phenotypes. A significance threshold of 2E — 9 was

applied, following the portal’s default multiple testing cor-
rection [29].

Enrichment Analysis

To explore the functional roles of the identified genes, Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathway enrichment analyses were per-
formed using the clusterProfiler package (version 4.12.6)
[30].

GO enrichment analysis was performed using the
enrichGO function, with the org.Hs.eg.db database and
ontology set to BP (Biological Process), CC (Cellular
Component), and MF (Molecular Function). Significance
thresholds were set at p-value<0.05 and g-value<0.05.
Multiple testing correction was applied using the Ben-
jamini—-Hochberg method. KEGG enrichment analysis
was conducted using enrichKEGG with organism = “hsa”,
keyType = “kegg”, and the same p-value and g-value cut-
offs. The FDR method was used for multiple testing cor-
rection. Enriched pathways were identified and visualized
using dot plots.

Single-cell Transcriptome Processing

The publicly available single-cell RNA sequencing dataset
GSE171213 was obtained from the Gene Expression Omni-
bus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/).
This dataset comprises periodontal tissue samples from four
healthy individuals and five untreated periodontitis patients.
For downstream analysis, we used the ‘Seurat’ R package
(version 4.3.0.1) [31], applying a stringent quality control
approach: cells with fewer than 200 or more than 5,000
detected genes, fewer than 1,000 or more than 25,000 UMI
counts, or greater than 20% mitochondrial gene content
were excluded. Genes detected in fewer than 3 cells were
also removed. Doublets were identified using the ‘Doublet-
Finder’ R package (version 2.0.4) [32], while RNA con-
tamination was removed at the single-cell level using the
‘DecontX’ R package (version 1.0.0) [33].

To perform dimensionality reduction, we first identified
the top 2000 most variable genes with the FindVariableFea-
tures function and scaled the data using ScaleData. Principal
component analysis (PCA) was conducted on these variable
genes, selecting the top 20 principal components to compute
the neighborhood structure with FindNeighbors. To correct
for batch effects across samples, we applied the Harmony
algorithm. Clustering was performed using Seurat’s graph-
based approach (FindNeighbors and FindClusters), and
a resolution of 0.7 was selected based on cluster stability
assessments using the clustree package. UMAP was applied
to the Harmony-corrected embeddings for visualization.
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Subsequently, the expression profiles of target genes
across the identified cell types were examined using the
scplotter package (version 0.1.0) [34].

Gene Set Enrichment Analysis (GSEA)

We initially performed GSEA on each cell subtype using
the REACTOME gene sets from the msigdbr R package
(version 7.5.1) [35, 36]. For each cluster, we considered
the top 5 enriched pathways with an adjusted p-value
below 0.05 as significant. UCell scoring was subse-
quently applied to these significant pathways, providing
further validation of pathway activity at the single-cell
level. To characterize fibroblast heterogeneity, fibroblast
cells were subsetted from the full single-cell atlas and re-
clustered using Seurat, with a resolution parameter set to
0.9, selected based on cluster stability assessed using the
clustree R package (version 0.5.1). Cluster-specific marker
genes were identified using both the COSG R package (ver-
sion 0.9.0) and Seurat’s FindAllMarkers function (min.pct
=0.25, logfc. threshold = 0.25). Cluster annotations were
assigned by cross-referencing identified markers with
well-established fibroblast subtype markers from pub-
lished studies. Each cluster was subsequently interpreted
based on pathway enrichment analyses to determine their
likely biological roles like inflammatory, ECM (extracel-
lular matrix) -producing, proliferative and so on. GO anal-
yses were performed using the clusterProfiler R package
(version 4.6.2). The top 50 upregulated genes (based on
log- fold change) for each fibroblast subtype were used as
input. The enrichGO function was applied with the follow-
ing parameters: keyType = “ENTREZID”, OrgDb = org.
Hs.eg.db, pvalueCutoff = 0.05, pAdjustMethod = “fdr”,
minGSSSize = 10, maxGSSSize = 500, and qvalueCutoff
= 0.05. Results were visualized using the SCP R package
(version 0.5.6) [37].

To explore metabolic pathway enrichment specifi-
cally within OAT + and OAT- fibroblast subpopulations,
we employed the irGSEA R package (version 2.1.5) [38]
alongside curated metabolic pathways from the scMe-
tabolism R package (version 0.2.1) [39], pathway scores
were subsequently correlated with OAT expression levels
to assess the relationship between OAT expression and
pathway-specific metabolic activity, providing insights
into the metabolic adaptations within fibroblast subtypes
in the context of OAT expression. In addition, pseudobulk
analysis was performed by aggregating single-cell counts
per sample using Seurat, followed by differential expres-
sion analysis with DESeq2 (version 1.42.0) [40]. Gene
set enrichment was evaluated with fgsea (version 1.28.0)
[41], and ssGSEA implemented in the GSVA R package
(version 1.50.0) [42] was further applied to complement
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and validate the irGSEA results, consistently supporting
the enrichment trend of the arginine and proline metabo-
lism pathway.

Trajectory Analysis

To investigate fibroblast differentiation in disease progres-
sion, trajectory analysis was conducted using CytoTRACE
(version 0.3.3) and monocle2 (version 2.26.0) [43]. Cyto-
TRACE estimates cellular differentiation potential based on
gene expression complexity (i.e., the number of expressed
genes), where higher CytoTRACE scores indicate less dif-
ferentiated or more immature cell states, and lower scores
reflect more mature or differentiated cells. The Cyto-
TRACE scores were projected onto the UMAP embedding
to identify the most primitive fibroblast subpopulation,
which was then assigned as the root state for pseudotime
analysis in Monocle2. The Seurat object was first converted
to a monocle object for pseudotime analysis. Differentially
expressed genes were identified using differentialGeneTest
(BH-corrected P < 0.01) to highlight key genes associated
with fibroblast differentiation. Dimensionality reduction
was then performed with the reduceDimension function
using the DDRTree method, limited to two components.
Cells were subsequently ordered along pseudotime using
orderCells function with default parameters. Visualiza-
tion of the trajectory and gene expression dynamics was
achieved using R packages ‘monocle2’ and ‘ggplot2’ (ver-
sion 3.5.1) [44].

Intercellular Communications Analysis

To compare cellular interactions between PD (Periodon-
titis) and HC (Healthy Control) samples, we performed
intercellular communication analysis using the ‘CellChat’
R package (version 2.1.2) [45]. Annotated Seurat objects
were converted to CellChat objects, and enriched ligands,
receptors, and pathways were identified using identifyOver-
ExpressedGenes and identifyOverExpressedInteractions.
Results were compared between groups and visualized with
‘CellChat’ and ‘ggplot2’ R packages.

Transcription Factor Regulatory Network Analysis

Single-cell transcription factor (TF) regulatory network
analysis was performed using pySCENIC (version 0.12.1).
Subgroup-specific transcription factors were identified
using the Wilcoxon rank-sum test. Gene coexpression anal-
ysis was initially conducted with the GRNBoost2 method
implemented in the arboreto package (version 0.1.6) [46] to
construct preliminary TF—target gene regulatory networks.
Each coexpression module was subjected to cis-regulatory
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motif enrichment analysis using the RcisTarget package
(version 1.20.0) [47], and only modules containing target
genes enriched for corresponding TF-binding motifs were
retained to generate motif-validated regulons. Regulon
activity was quantified at the single-cell level using AUCell
(version 1.24.0), which scores the expression of each regu-
lon’s target genes in individual cells. Analysis and visualiza-
tion were performed using the SCENIC (version 1.3.0) [47]
and ggplot2 R packages.

Candidate Drug Prediction

Drug prediction analysis was performed using the Drug Sig-
natures Database (DSigDB, http://dsigdb.tanlab.org/DSigD
Bv1.0/), which includes 22,527 gene sets and 17,389 comp
ounds linked to 19,531 genes. Significant druggable genes
identified earlier were used as input to predict potential ther-
apeutic candidates based on drug-induced gene expression
signatures [48].

Molecular Docking

Protein structures were retrieved from the Protein Data
Bank and prepared in AutoDockTools (version 1.5.6) by
removing water molecules, adding hydrogens, and assign-
ing Gasteiger charges. Ligand structures were obtained
from PubChem [49] database. Docking simulations were
performed using AutoDock Vina 2.0 [50] to predict bind-
ing affinities and orientations within the target binding
sites. Grid boxes were centered on co-crystallized ligand
coordinates and adjusted to allow ligand flexibility. Dock-
ing results were visualized in PyMOL (version2.1.0),
and binding affinities were evaluated based on predicted
binding energies, with lower values indicating stronger
interactions.

Statistical Analyses

All statistical analyses and graph generation were performed
in R (version 4.3.2). Differences with p-values below 0.05
were regarded as statistically significant.

Results

Integrative Genomic Evidence Prioritizes OAT and
DPP8 as Therapeutic Targets for Periodontitis

To investigate potential causal links between druggable
genes and periodontitis, MR analysis was conducted on
3257 unique druggable genes (Tables S1-S4). Twelve genes
reached FDR-adjusted significance (FDR <0.05), indicating

strong evidence for a potential causal association with
periodontitis (Fig. 2A; Tables S5). Colocalization analysis
showed that among the 12 previously identified significant
genes, two genes—DPP8 and OAT—contained SNPs with
PPH4 values exceeding 0.9. Both genes exhibited partial
but notable colocalization with periodontitis (Fig. 2B, C;
Table S6).

To evaluate whether the two identified candidate drug-
gable genes influence other traits and to assess potential
pleiotropy not captured by the MR-Egger intercept test,
a PheWAS was performed using 17,361 binary and 1,419
quantitative phenotypes from the AstraZeneca PheWAS
Portal. The results reflect associations between genetically
predicted protein expression and a wide range of pheno-
types. As shown in Fig. 2D-E and Tables S7-S10, neither
DPP8 nor OAT exhibited significant associations with other
traits. These findings suggest minimal off-target effects and
a low risk of horizontal pleiotropy, further supporting the
robustness of our results.

Enrichment Analysis Revealed the Biological
Significance of the Potential Target Genes

GO enrichment analysis of the gene sets associated with
OAT and DPP8 revealed functional involvement in sev-
eral metabolic and enzymatic processes. In the BP cat-
egory, significant enrichment was observed in glutamine
family amino acid biosynthesis, proline metabolism, and
arginine catabolism. For the CC, enrichment was primar-
ily found in the mitochondrial matrix. In terms of MF, key
terms included transferase activity (involving nitrogenous
groups), transaminase activity, and dipeptidyl-peptidase
activity (Fig. 2F).

To further investigate relevant signaling networks,
KEGG pathway analysis revealed enrichment in the argi-
nine and proline metabolism pathway (hsa00330), a key
metabolic axis linked to inflammation and tissue remodel-
ing (Fig. 2G).

Single-cell Transcriptomic Analysis Validates
Expression Patterns of Target Genes

After stringent quality control, a total of 18,966 high-quality
cells were retained. Based on canonical marker genes, these
cells were classified into 15 transcriptionally distinct clus-
ters and visualized using UMAP (Fig. 3A). These clusters
were subsequently annotated based on canonical markers
(Fig. 3B).

Differential expression analysis revealed distinct gene
expression patterns across cell types. Notably, OAT was
predominantly expressed in fibroblasts, while DPP8 showed
upregulated expression in endothelial cells (Fig. 3C, D&
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Fig. S1A, B), suggesting that these genes may play roles
within these cell populations. To further explore the func-
tional characteristics of these cell clusters, we performed
GSEA. Interestingly, as shown in Fig. 4A, UCell scoring
for these pathways further validated the potential roles of
fibroblasts, supporting their involvement in inflammation
and tissue remodeling (Fig. 4B-D). Given the relatively low
expression of DPP8, we subsequently focused our investi-
gation on OAT.
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Dynamic Expression and Functional Analysis of OAT
in Fibroblast Subpopulations

Fibroblasts were isolated and classified into six transcrip-
tionally distinct subtypes (Fib1-Fib6), which were distrib-
uted across both HC and PD samples, as illustrated in the
UMAP plot (Fig. 5A, B). Although the total number of
fibroblasts remained similar between HC and PD, there was
a significant shift in the proportion of specific fibroblast
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subtypes: Fib2 and Fib3 were more prevalent in HC,
whereas Fibl, Fib 4-6 were more prominent in PD patients
(Fig. 5C). To explore the functional characteristics of each
fibroblast subtype, we analyzed their enriched biological
pathways. Fibl and Fib4 were predominantly associated
with inflammatory and immune-related functions, indicat-
ing roles in immune modulation. Fib2 and Fib3 were linked
to ECM organization and structural maintenance, suggest-
ing involvement in tissue integrity and support. Fib5 and
Fib6 showed enrichment in developmental and prolifera-
tive processes, implying potential roles in cellular growth
and differentiation (Fig. S2, S3).

Subsequent analysis of OAT expression revealed sig-
nificantly higher OAT levels in PD patients compared to
HC, particularly within inflammation-associated fibro-
blast subtypes (Fig. 5D). To elucidate the dynamic role

of OAT during fibroblast differentiation, we further con-
ducted a pseudotime trajectory analysis. Trajectory analy-
sis provided valuable insights into fibroblast differentiation
dynamics.

OAT expression exhibited a decreasing trend along the
fibroblast differentiation trajectory. Both CytoTRACE and
Monocle2 analyses consistently supported Fib6 as the
developmental origin. We observed that OAT was most
highly expressed in the less differentiated fibroblast sub-
populations Fibl and Fib6. As differentiation progressed
toward ECM-producing and inflammation-associated sub-
types (Fib3, Fibl, and Fib4), OAT expression gradually
declined (Fig. S5E-I). This pattern suggests that OAT may
play a role in maintaining an undifferentiated fibroblast
state, or that its high expression serves as a marker of early
developmental stages.
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Fig. 4 GSEA and UCell scoring

analysis. (A) The heatmap shows
the top 5 enriched pathways for
each cell cluster identified through
GSEA, performed using the Reac-
tome pathway database. (B-D) The
UCell scoring analysis provides sin-
gle-cell enrichment scores for key
pathways identified through GSEA,
including EXTRACELLULAR
MATRIX_ORGANIZATION,
DEGRADATION_OF_THE _
EXTRACELLULAR MATRIX,
and SIGNALING_BY_MET.
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Differential Metabolic Pathway Enrichment in
OAT + and OAT- Fibroblasts

Given that OAT functions as a metabolism-related enzyme,
its expression may modulate fibroblast activity via distinct
metabolic pathways. Metabolic pathway activity was then
assessed using the irGSEA R package just as in previous
studies [51, 52], focusing on all metabolism-related path-
ways curated from the REACTOME databases, as defined
by the scMetabolism R package.

Our analysis demonstrated significant upregulation
of inflammation- and stress-related metabolic pathways
in OAT +fibroblasts. In the REACTOME database, key
enriched pathways included Arginine and proline metabo-
lism, N-Glycan biosynthesis, and Glycolysis/Gluconeo-
genesis, with Arginine and proline metabolism being the
most prominent. Similarly, KEGG pathway analysis high-
lighted Metabolism of polyamines, Nitric oxide metabolism
(NOS3 activation), Amino acid metabolism, Glutamate
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and glutamine metabolism, and Glycogen metabolism as
enriched in OAT +fibroblasts (Fig. 6A).

To further examine the relationship between OAT
expression and these pathways, we conducted correlation
analysis. OAT expression exhibited a positive correlation
with both the arginine and proline metabolism pathway
(R=0.42, p<2.2e-16) (Fig. 6B). These findings suggest
that OAT may modulate fibroblast metabolic activities
to enhance their adaptability for inflammatory responses
and tissue repair in the pathogenesis of periodontitis.
To validate these findings while properly accounting for
between-sample variance, we performed a pseudobulk
analysis by aggregating gene expression counts per sample
using Seurat. Differential expression was conducted using
DESeq2, followed by ranked gene set enrichment analy-
sis using the fgsea R package. This sample-level analysis
confirmed the key pathways identified by irGSEA, particu-
larly the enrichment of arginine and proline metabolism in
OAT" fibroblasts (Fig. 6C).
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Inferring Intercellular Interactions

To investigate cellular interactions involving OAT +fibro-
blasts within the inflammatory microenvironment, we
analyzed inferred interactions using Secreted Signaling
databases. As illustrated in Fig. 7A, inferred interactions
were significantly higher in the PD group (895) compared
to the HC group (729), with elevated interaction strength in
PD (0.154 vs. 0.053). Compared to HC, OAT +fibroblasts in
the PD group exhibited more extensive and frequent com-
munication with other cells, establishing them as central
contributors to information flow (Fig. 7B) and as primary
signal senders in both PD and HC (Fig. 7C). Moreover,

we accessed the frequency of ligand-receptor communi-
cation between fibroblasts and other cell types in PD. We
identified PD-specific intercellular communication path-
ways (Fig. 8A) and highlighted WNT, NRG, FASLG, and
CHEMERIN as distinct signaling routes enriched in the PD
group (Fig. 8B).

To determine dominant senders, receivers, mediators,
and influencers in all inferred communication networks, we
computed network centrality scores. The results revealed
that OAT +fibroblasts, as primary signal senders, influence
endothelial cells via the WNT pathway, potentially regulat-
ing angiogenesis or tissue repair. They also impact plas-
macytoid dendritic cells (pDCs) through the CHEMERIN
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Fig. 6 Differential metabolic path-
way enrichment in OAT+and
OAT- fibroblasts. (A-B) Heatmaps
of significantly enriched metabolic
pathways in OAT+ (red) and OAT-
(blue) fibroblast subpopulations,
with directionality represented
by red (upregulated) and blue
(downregulated) colors. Analysis
was based on KEGG and REAC-
TOME databases. Pathways with
statistical significance are marked,
*P<0.05; “'P<0.01; ""P<0.001;
"""P<0.0001. (B) Correlation
analyses between OAT expression
and Arginine and Proline Metabo-
lism pathway in fibroblasts. Scat-
ter plots illustrate representative
correlation patterns, with R values
and p-values shown, indicating the
strength and significance of the
association between OAT expres-
sion levels and pathway activity.
(C) ssGSEA algorithm supported
the enrichment trend of the Argi-
nine and proline metabolism path-
way discovered by irGSEA.

Fig. 7 Comparison of intercellular
communication among various
cell types in HC and PD. (A) Bar
graphs showing the quantity and
strength of cell communications in
HC and PD groups. (B) Chord dia-
grams of the quantity and strength
of cell communication among dif-
ferent cell types in the PD and HC
groups. (C) Scatter plot represent-
ing the relative communication
strength of each cell type within
each group.
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pathway, highlighting a role in immune response modula-
tion. Both OAT +and OAT- fibroblasts, as signal receivers,
received FASLG signals from NK cells, suggesting that NK
cells may regulate fibroblast survival or activation through
the FASLG pathway to control inflammation (Fig. S4).

We further explored the expression of signaling mol-
ecules associated with these pathways. OAT +fibroblasts
specifically exhibited high expression of the WNT2 ligand,
RARRES?2 ligand, and FASLG receptor (Fig. 8C). Finally,

OAT+ _
Fib
OAT- _
Fib

we examined the correlation between OAT and key signal-
ing molecules in PD patients. Results indicated a weak neg-
ative correlation with RARRES2 (CHEMERIN pathway;
R = -0.174, p=6.19¢-05), with no significant correlation
observed for WNT2 or FASLG (Fig. S5).

In this study, we utilized the pySCENIC analysis to
identify upstream transcription factors associated with the
expression of the OAT gene in fibroblasts from periodontitis
patients. By comparing transcription factor activity between
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Table 1 Candidate drug predicted by DSigDB.

Table 2 Molecular Docking results of predicted drugs and proteins.

Term P-value Adjusted Odds  Com- Genes Target PDBID  Drug PubChem ID  Binding
P-value Ratio  bined energy
Score (kcal/mol)
Probenecid BOSS 0.0022  0.0193 951.29 5821.72 OAT DPP8 7SVO Sitagliptin 4,369,359 -9.4
Sitagliptin BOSS ~ 0.0024  0.0193 868.48 5239.42 DPPS8 OAT 1vz7 Probenecid 4911 -6
L-proline BOSS  0.0183  0.0496 108.28  433.11 OAT OAT 1vz7 L-proline 145,742 -5
D-Arginine BOSS 0.0186  0.0496 106.52 42435 OAT OAT 1vz7 D-Arginine 71,070 -5.9

the OAT +Fib and OAT- Fib subgroups, we found that FOS,
KLF6, and EGR1 exhibited significantly higher regulatory
activity in the OAT+Fib subgroup (Fig. 8D). Further pre-
diction analysis of transcription factor-regulated genes indi-
cated that FOS is likely a key upstream regulator of OAT
(Fig. 8E).

Candidate Drug Prediction

DSigDB was used to predict potentially effective pharma-
cological agents, identifying candidates based on adjusted
p-values (Table 1). The results showed that Probenecid,
L-proline, and D-Arginine were associated with OAT, while
Sitagliptin was linked to DPPS.

Molecular Docking

Molecular docking was performed to assess the binding
affinity between candidate drugs and their corresponding
target proteins. A total of four effective docking interactions
were identified (Fig. 9A-D). Among them, DPP8 showed
the strongest binding affinity with sitagliptin, with a docking

Fig. 9 Molecular docking results A
of predicted drugs and proteins.

(A) OAT docking L-Proline. (B)

OAT docking D-Arginine. (C)

OAT docking Probenecid. (D)

DPP8 docking Sitagliptin.

GlY.
A2

OAT_L-proline
Affinity = -5.0kcal/mol

energy of —9.4 kcal/mol, suggesting a stable and specific
interaction. Full docking scores are summarized in Table 2.

Discussion

Periodontitis exhibits familial aggregation, suggesting a
potential genetic predisposition. However, studies focus-
ing on genetically susceptible forms of periodontitis remain
limited, and the development of effective pharmacological
therapies is still a challenge. In this study, we employed a
combination of bioinformatics approaches to investigate
druggable gene candidates associated with periodontitis.
Our analysis revealed a putative causal relationship between
OAT and DPPS and the disease. Leveraging single-cell RNA
sequencing, we further characterized the cell type—specific
expression patterns of OAT and examined its potential func-
tional roles in the pathogenesis of periodontitis.

Through unsupervised clustering, we identified distinct
fibroblast subpopulations and found that OAT was predomi-
nantly expressed in fibroblasts. These OAT +fibroblasts
exhibited dynamic roles in inflammation, ECM remodeling,

OAT_D-Arginine
Affinity = -5.9kcal/mol

OAT_Probenecid
Affinity = -6.0kcal/mol
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and cell-cell communication. Additionally, upstream regu-
latory analysis indicated FOS as a potential transcriptional
regulator of OAT. Taken together, these results cautiously
highlight the therapeutic potential of OAT in modulating
disease progression.

A growing body of research has emphasized the role of
fibroblasts in the regulation of inflammatory responses and
tissue remodeling in periodontitis [53—55]. These cells are
central to ECM organization and are essential for maintaining
periodontal tissue integrity. Interestingly, fibroblasts showed
significant enrichment in EXTRACELLULAR MATRIX
ORGANIZATION, DEGRADATION OF THE EXTRA-
CELLULAR MATRIX and SIGNALING BY MET,
highlighting their role in ECM remodeling and adaptive
tissue responses under inflammatory conditions. Notably,
our data revealed that OAT expression was upregulated in
fibroblasts derived from periodontitis samples, suggesting
its involvement in ECM remodeling. Fibroblast subset pro-
portions differed between healthy controls and periodon-
titis patients, with an increased prevalence of Fibl, Fib4,
Fib5, and Fib6 in diseased tissues, indicative of a fibroblast-
driven adaptation to the inflammatory and metabolic micro-
environment. Pseudotime trajectory analysis revealed that
OAT expression increased at later differentiation stages of
inflammation-associated subsets (e.g., Fibl), implying a role
in fibroblast-driven remodeling and inflammatory response
during disease development. Consequently, OAT may have
a critical role in modulating fibroblast-driven inflammation,
contributing to tissue remodeling and immune response reg-
ulation in the pathogenesis of periodontitis.

As a chronic inflammatory disease, periodontitis is
characterized by complex metabolic alterations influenced
by proinflammatory cytokines (e.g., IL-1p, TNF-a) and
microbial metabolites, which disrupt ornithine and proline
metabolism—key pathways involved in collagen synthesis
and degradation. To investigate the role of OAT in peri-
odontitis-associated metabolic alterations, we investigated
the metabolic profile of OAT+versus OAT —fibroblasts.
Our results demonstrated significant enrichment of inflam-
mation- and stress-related pathways, including arginine and
proline metabolism. Importantly, OAT expression positively
correlated with these pathways (e.g., arginine and proline
metabolism: R=0.42, p<2.2e-16), suggesting a possible
role for OAT as a mediator of metabolic adaptation, poten-
tially enhancing fibroblast survival and function within the
inflammatory microenvironment.

Cell—cell communication analysis further underscored
the role of OAT+fibroblasts as central signaling hubs.
These cells exhibited elevated interaction intensity (0.154
vs. 0.053 in controls) and greater ligand—receptor engage-
ment, particularly through WNT, CHEMERIN, NRG, and
FASLG signaling axes. For example, their interaction with

endothelial cells via the WNT pathway may affect angio-
genesis, while communication with plasmacytoid dendritic
cells via CHEMERIN suggests a role in immune modula-
tion. These findings position OAT +fibroblasts as critical
orchestrators of inflammatory signaling, further supporting
their relevance as therapeutic targets.

Regulatory network inference using pySCENIC sug-
gested that FOS, a component of the AP-1 transcription
factor complex, may act as an upstream modulator of OAT.
FOS has been widely implicated in inflammation, tissue
repair, and cellular stress responses [55, 56]. Its elevated
activity in OAT + fibroblasts indicate a potential role in
OAT-associated inflammatory and metabolic processes,
consistent with previous reports linking FOS to cytokine
production and ECM remodeling [57, 58].

Moreover, we observed upregulation of DPP8 in endothe-
lial cells, implicating its potential involvement in vascular
responses such as angiogenesis or endothelial dysfunction,
which are commonly observed in chronic inflammatory
states like periodontitis. However, given its low expression
level, no further investigation was conducted.

DPPS inhibitors like 1G244 can induce programmed cell
death in hematologic malignancies [59]. To enhance effi-
cacy and selectivity, a more DPP8-specific analog, tomino-
stat, has been developed [60]. However, these inhibitors still
show cytotoxicity and off-target inflammatory responses in
animal models, which may limit their clinical use. While
no OAT inhibitors have yet reached clinical approval, ongo-
ing research has highlighted its high structural similarity to
GABA-AT and its emerging potential as a therapeutic target
in metabolic disorders and cancer [61]. From a translational
perspective, the metabolic regulatory function of OAT sug-
gests promise for clinical development.

This study applied a range of bioinformatics strategies
to preliminarily characterize OAT and DPPS in the setting
of periodontitis. Recent integrative studies have combined
GWAS with single-cell RNA-Seq to uncover cell-type-
specific mechanisms in periodontitis. For example, Shi et
al. identified dendritic cell-specific causal genes [62]. Chen
et al. identified 14 genes (e.g., SI00A8, S100A9) enriched
in monocytes and B cells using integrative analysis, high-
lighting inflammation-related immune cell pathways as key
drivers [63]. In contrast, our study focuses on fibroblast-
associated genetic risk, identifying OAT + fibroblasts as
critical regulators of metabolic rewiring and intercellular
signaling in periodontal pathology, thereby expanding the
cellular landscape of disease-associated targets beyond
immune compartments.

The findings offer a starting point, though certain
limitations remain. One key limitation is that the use of
blood-derived cis-eQTLs may not fully capture regulatory
mechanisms in fibroblasts or other oral cell types directly
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implicated in periodontitis, due to known cell-type specific-
ity in eQTL effects. Future studies incorporating cis-eQTL
data from fibroblasts or gingival tissue will be important to
improve inference accuracy. In addition, we acknowledge
that single-cell RNA-Seq data are subject to dropout, which
may lead to underestimation of low-level OAT expression.
Although our binary classification captures robust patterns
of functional heterogeneity, future validation using alterna-
tive methods (e.g., smFISH, flow cytometry) would further
strengthen these findings. Although the Fib6 subpopulation
exhibited distinct transcriptional features and high inferred
stemness, its relatively small size warrants cautious inter-
pretation of related findings, and future studies with larger
sample sizes are needed to validate its role. The suggested
regulatory link between FOS and OAT is still speculative
and awaits experimental confirmation. Despite the quality
of the single-cell transcriptomic data, they may not fully
reflect the diversity of periodontal tissues across patient
populations. Broader studies with larger cohorts, along with
proteomic or metabolomic integration, are needed to clarify
the metabolic role of OAT. Functional assays, such as gene
knockout or chemical inhibition in OAT +fibroblasts, will
help assess its therapeutic relevance. The potential contribu-
tion of DPPS to endothelial inflammation also merits deeper
investigation.

Conclusion

In this study, we identified OAT and DPPS8 as potential
therapeutic targets for periodontitis. Further experimental
investigations are essential to validate these findings and to
facilitate their translation into clinically applicable strate-
gies for the management of periodontitis.
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