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Abstract

Background
Oral microbiome (OM) dysbiosis is associated with periodontitis, but its causal relevance and the
biological mechanisms of periodontal tissue destruction remain unclear.

Materials and methods
Bidirectional Mendelian randomization (MR) assessed causal associations of species-level tongue
dorsum and salivary microbiome traits with periodontal disease using East Asian genome-wide
association study (GWAS) data. Candidate genes mapped from MR instruments were prioritized based
on overlap with differentially expressed genes (DEGs), module genes identified by weighted gene co-
expression network analysis (WGCNA), and eQTLGen-based MR findings. The candidate gene was
further evaluated by MR using East Asian cis-expression quantitative trait locus (cis-eQTL) data and
European-ancestry genome-wide association study (GWAS) data for periodontitis subtypes. Single-cell
RNA sequencing and spatial transcriptomics examined its cellular role. Phenome-wide association study
(PheWAS) and drug–target interaction prediction assessed on-target safety.

Results
Forward MR identified 46 species-level taxa associated with periodontal disease, enriched in
Campylobacter_A, Fusobacterium, and Streptococcus; reverse MR identified 47 taxa, mainly in Prevotella
and Streptococcus. Intersection analysis identified ANK3, which was downregulated in periodontitis. MR
consistently supported a protective causal effect of ANK3 on periodontitis across cohorts. Single-cell
analysis showed predominant ANK3 expression in periodontal ligament stem cells (PDLSCs), with
reduced expression in periodontitis. Spatial transcriptomics showed overlap of ANK3-enriched PDLSC
regions with periodontitis genetic risk signals. PheWAS and drug–target interaction prediction revealed
no major on-target safety concerns.

Conclusions
These findings link causally relevant OM features to ANK3–related PDLSC vulnerability in periodontitis
and identify a potential host cellular axis for further investigation.

Introduction
The oral cavity is the second largest microbial habitat in the human body, hosting more than 700 species
that constitute the OM. Microbial communities of the teeth, tongue dorsum, and saliva differ in
composition and exhibit notable spatial heterogeneity. Under healthy conditions, these communities
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sustain a stable oral microenvironment through symbiotic and competitive interactions [1]. Once this
equilibrium is disrupted, opportunistic pathogens overgrow, dysregulate the host immune-inflammatory
response, and ultimately drive irreversible destruction of the periodontal tissues. In recent years,
accumulating evidence has linked dysbiosis of the commensal OM to the onset, progression, and
refractoriness of periodontitis [2].

Periodontitis is the leading cause of tooth loss in adults worldwide. According to the GBD 2021 analysis,
severe periodontitis affected over 1 billion people, with a global age-standardized prevalence of 12.50%
that continues to rise [3]. Periodontitis arises from the interplay of OM dysbiosis, host immune
dysregulation, and genetic susceptibility. Mechanical debridement combined with local antimicrobial
therapy remains the standard of care, yet 20% to 30% of patients still progress to irreversible functional
loss [4]. Multicohort studies show that disease progression is accompanied by enrichment of
pathogenic taxa in saliva, on the tongue dorsum, and within subgingival plaque, alongside stage-
dependent shifts in microbial α-diversity [5]. Beyond serving as a marker of disease activity, OM
dysbiosis is increasingly implicated as a driver of disease onset. Whether this relationship is truly causal,
and through which targets and mechanisms it operates, however, remains unclear.

To dissect this complex pathogenesis, MR uses genetic variants to investigate causal relationships
between exposures and outcomes [6]. Since single nucleotide polymorphisms (SNPs) are randomly
allocated during meiosis and allele transmission is independent of disease status, MR effectively
mitigates confounding and reverse causation. Integrating MR with bulk, single-cell, and spatial
transcriptomic data enables disease-associated signals to be examined at the tissue, cellular, and
spatial levels, providing convergent evidence for the identification of key effector genes. This study
applies these approaches to assess the causal contribution of the OM to periodontal disease and to
identify, validate, and functionally characterize candidate host effector genes and pathways, providing a
basis for potential targeted interventions.

Materials and methods

Study Design
The workflow is shown in Fig. 1. Following STROBE-MR guidelines, causal relationships between the OM
and periodontal disease were inferred by bidirectional MR, using summary statistics from two East Asian
periodontal disease cohorts meta-analyzed with METAL [7]. Instrumental variables (IVs) for the
implicated taxa were mapped to genes. Candidate-gene prioritisation integrated bulk transcriptomic
evidence, co-expression network evidence, and transcriptome-wide MR evidence. scRNA-seq localized
the gene in periodontal tissues, and scDEG, Cellchat, Scissor, and scGSEA analyses characterized its
cell-type-specific functions. Spatial transcriptomics resolved its distribution and associated cell types
using RCTD, and gsMap localized disease-risk genetic signals within the tissue. Finally, Phenome-wide
association analysis assessed potential on-target safety, whereas candidate-drug prediction and
molecular docking evaluated target-compound binding.
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Data Sources
OM summary statistics were obtained from the 4D-SZ cohort in Shenzhen, China
(https://ftp2.cngb.org/). Deep shotgun metagenomic data were available for 2,017 tongue-dorsum and
1,915 salivary samples obtained from 2,984 individuals [8].

Periodontal disease GWAS summary statistics were obtained from two Japanese cohorts: bbj-a-142 [9]
from OpenGWAS (https://opengwas.io/) and GCST90018677 [10] from the GWAS Catalog
(https://www.ebi.ac.uk/).

Periodontitis GWAS data were retrieved from the GWAS Catalog and FinnGen for periodontitis [11], acute
periodontitis [12], and chronic periodontitis [13].

Transcriptomic data were retrieved from GEO (https://www.ncbi.nlm.nih.gov/geo/), including bulk
datasets GSE16134 [14], the single-cell dataset GSE171213 [15], and he spatial transcriptomic dataset
GSE206621 [16].

East Asian cis-eQTL data were derived from the Chinese 1KCP project
(https://yanglab.westlake.edu.cn/1kcp/), based on 1,116 diploid genome assemblies [17]. European
eQTLGen cis-eQTL data came from OpenGWAS [18].

Structures of candidate drugs and the target protein were obtained from PubChem
(https://pubchem.ncbi.nlm.nih.gov/) and the Protein Data Bank (http://www.rcsb.org/), respectively. The
data are summarized in Supplementary Table 1.

Selection of IVs
IVs were selected through the following pipeline. Few SNPs were available at P < 5 × 10⁻⁶. SNPs
associated with each OM trait at P < 5 × 10⁻⁵ were therefore retained to provide sufficient genetic
information for MR analyses and the downstream gene-prioritization framework. Independent SNPs
were then obtained by LD clumping in PLINK (r² = 0.001, kb = 10,000). SNPs with a minor allele frequency
below 0.01 and palindromic SNPs were further excluded. To guard against weak instrument bias, the F-
statistic was computed for each SNP, and those with F < 15 were discarded. Finally, Steiger filtering was
performed to rule out reverse causation.

Bidirectional MR Analysis
Causal associations between OM traits and periodontal disease were estimated using five MR methods:
inverse-variance weighted (IVW), MR-Egger, weighted median, weighted mode, and simple mode. The
IVW method combined SNP-specific Wald ratio estimates to evaluate the effect of OM traits on
periodontal disease. MR-Egger regression was used to assess the robustness of the causal estimates
and to test for directional horizontal pleiotropy. The weighted median method was also applied, as it can
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provide consistent estimates when at least 50% of the total weight is contributed by valid IVs. IVW
served as the primary estimator, with significance set at P < 0.05. An association was considered robust
when the other four methods produced effect estimates consistent in direction with the IVW estimate.

To assess the robustness of the causal estimates, horizontal pleiotropy was examined using the MR-
PRESSO global test and the MR-Egger intercept test, and heterogeneity among IVs was evaluated with
Cochran's Q test. P > 0.05 was interpreted as no statistical evidence of pleiotropy or heterogeneity. SNPs
were annotated using SNPnexus (https://www.snp-nexus.org/v4/).

MR Analysis of eQTLGen cis-eQTLs and Periodontitis
Summary-level whole-blood cis-eQTL data for 19,244 genes were obtained from the European-ancestry
eQTLGen study via OpenGWAS and used as exposures, with periodontitis (GCST90478260) as the
outcome. For each gene, cis-eQTLs with P < 5 × 10⁻⁸ were selected as candidate IVs and clumped using
PLINK (r² = 0.01, kb = 100). All subsequent procedures for instrument selection, MR estimation, and
sensitivity analyses, were performed as described above.

DEGs Screening
GSE16134 was obtained from GEO and included 69 healthy control samples and 241 periodontitis
samples. Gene expression data were generated using the GPL570 platform. Following initial data
processing, differential expression analysis was performed using the limma package. Genes with |logFC|
> 0.25 and P < 0.05 were considered DEGs.

To integrate the MR and differential expression results, genes were matched according to the direction
of their effects. Specifically, downregulated DEGs were intersected with protective genes identified by
MR, whereas upregulated DEGs were intersected with risk genes identified by MR. The overlapping genes
were combined to form a candidate gene set with consistent effect directions.

WGCNA Analysis
WGCNA was applied to GSE16134 to identify co-expression modules associated with periodontitis. After
selection of the module most strongly correlated with disease status, the centrality of candidate genes
within this module was evaluated using module membership (MM), gene significance (GS), and
intramodular connectivity (kWithin). Candidate genes meeting the criteria of |MM| > 0.80 and |GS| > 0.20
were regarded as strongly module-associated and disease-relevant, supporting their potential hub roles
in the periodontitis-associated module. These genes were then intersected with the direction-consistent
candidate genes identified through the integrated MR and differential expression analyses.

Cross-ancestry MR Validation
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To evaluate genetic evidence for the candidate genes across ancestry groups, two-sample MR analyses
were conducted using ancestry-matched cis-eQTL data as exposures. In Europeans, four periodontitis
subtype outcomes were examined, comprising acute and chronic periodontitis datasets obtained from
the GWAS Catalog and FinnGen. The FinnGen datasets served as the discovery cohorts, whereas the
corresponding GWAS Catalog datasets were used as independent replication cohorts. In East Asians,
periodontal disease was analyzed as the outcome. IVs were selected at P < 5 × 10⁻⁸. The inverse-
variance weighted (IVW) method was used as the primary estimator, and sensitivity analyses were
performed to assess the robustness of the MR findings.

Single-cell Analysis
The GSE171213 scRNA-seq dataset included nine periodontal tissue samples: four from healthy controls
and five from patients with periodontitis. Following quality control in Seurat, cells with 200–4,500
detected genes, 1,000–25,000 total UMI counts, and mitochondrial content below 10% were retained.
Harmony was used to correct batch effects across samples, followed by cell clustering at a resolution of
0.20. Initial cell-type annotations were assigned using the tooth-tissue reference in scMayoMap [19], and
SingleR was subsequently applied to further annotate the remaining unidentified clusters.

To investigate the biological functions of the candidate genes in specific cell subpopulations, scDEG
analysis was used to identify the subpopulations in which these genes were differentially expressed
between healthy controls and patients with periodontitis. Scissor then integrated the GSE171213 scRNA-
seq data with the GSE16134 bulk transcriptomic dataset using a network-regularized logistic model (α = 
0.60). Periodontitis-associated Scissor+ cells were identified, with the selected-cell fraction restricted to
below 20% [20]. Model reliability was assessed using 10 × 10-fold cross-validation with permuted labels.
CellChat characterized intercellular signaling pathways, whereas scGSEA evaluated functional pathways
associated with the target genes within these subpopulations (P < 0.05, adjusted P < 0.10, |NES| > 1.00).

Spatial Transcriptomics Analysis
Spatial transcriptomic data from oral mucosal tissues of one healthy control and three patients with
periodontitis were obtained from GSE206621. Following quality control, the expression pattern of the
candidate gene was mapped across each tissue section. RCTD was then applied using the annotated
GSE171213 scRNA-seq dataset as a reference to estimate the cellular composition of each spot [21].
The candidate cell subpopulation, defined as the cluster in which the candidate gene was differentially
expressed, was then projected onto the spots to delineate its spatial distribution.

Periodontitis GWAS summary statistics (GCST90478260) were subsequently incorporated, and gsMap
was used to map disease-risk signals at the spot level [22]. This integrative framework was used to
assess spatial colocalization among candidate gene expression, the candidate cell subpopulation, and
genetic risk.

PheWAS Analysis
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To characterize the broader phenotypic associations of the target genes, gene-level PheWAS results
were queried using the AstraZeneca PheWAS Portal (https://azphewas.com/). Each target gene was
searched individually, and its associations with binary and continuous phenotypes were retrieved.
Associations with P < 1 × 10⁻⁶ were retained as suggestive signals and reviewed to evaluate the broader
phenotypic relevance and potential safety implications of the target genes.

Molecular Docking Analysis
ANK3-associated compounds were retrieved from the D3 collection of DSigDB
(https://dsigdb.tanlab.org/DSigDBv1.0/) and screened by reviewing PubMed-indexed studies.
Compounds were excluded if no therapeutic relevance to inflammatory conditions, infectious diseases,
and oral diseases was reported or if severe toxicity or an unfavorable safety profile had been
documented. The retained compounds were subjected to blind protein–ligand docking using CB-Dock2
(https://cadd.labshare.cn/cb-dock2/index.php). Predicted binding cavities, docking poses, and Vina
scores were evaluated for each protein–ligand complex. A Vina score below − 5 kcal/mol was
considered indicative of potential binding.

Results

Bidirectional MR Between OM and Periodontal Disease
Forward MR analysis identified 46 species-level oral microbial taxa significantly associated with
periodontal disease (Supplementary Table 2). Of these, 23 were protective, comprising 14 tongue-
dorsum and 9 salivary taxa, whereas the remaining 23 were risk factors, comprising 6 tongue-dorsum
and 17 salivary taxa. These taxa were primarily distributed across the genera Campylobacter_A,
Fusobacterium, and Streptococcus (Fig. 2A). Reverse MR analysis indicated potential causal effects of
periodontal disease on 47 taxa (Supplementary Table 3). Among them, 28 taxa, including 11 from the
tongue dorsum and 17 from saliva, showed inverse associations, whereas 19 taxa, including 9 from the
tongue dorsum and 10 from saliva, showed positive associations. These taxa predominantly belonged to
the genera Prevotella and Streptococcus (Fig. 2C). Sankey diagrams illustrating their taxonomic
distributions at the order, family, and genus levels are presented in Fig. 2B, D.

Effect estimates from all five MR methods were statistically significant and directionally concordant. All
selected SNPs had F-statistics above 15, supporting adequate instrument strength. The MR-Egger
intercept provided no evidence of directional horizontal pleiotropy (P > 0.05), and the MR-PRESSO global
test indicated no evidence of global horizontal pleiotropy; no outlier variants were detected. Cochran’s Q
test showed no evidence of heterogeneity (P > 0.05), while the Steiger directionality test supported the
specified exposure-to-outcome direction.

Periodontitis Gene Set in Periodontal Microenvironment
Dysregulation
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MR analysis identified 1,898 genes with evidence of causal associations with periodontitis, comprising
944 risk genes and 954 protective genes (Fig. 3A). Sensitivity analyses found no evidence of
heterogeneity, horizontal pleiotropy, or reverse causation (Supplementary Table 4). Differential
expression analysis of GSE16134 identified 3,887 DEGs, including 2,051 downregulated and 1,836
upregulated genes, as shown in the volcano plot (Fig. 3B). Venn plots identified 184 genes with
concordant directions across the MR and differential expression results, including 87 upregulated risk
genes and 97 downregulated protective genes (Fig. 3D, E).

WGCNA-Based Validation of the Candidate Gene as a
Network Hub
WGCNA identified the black and yellow modules as having the strongest correlations with periodontitis
status, with module–trait correlations of − 0.65 and 0.65, respectively (Fig. 3F). Based on the criteria of
|MM| > 0.80 and |GS| > 0.20, 108 genes in the black module and 218 genes in the yellow module were
retained (Fig. 3G, H & Supplementary Table 4). The intersection of the IV-mapped gene set, WGCNA-
derived gene set, and directionally concordant gene set identified ANK3 as a shared candidate (Fig. 3I).

In GSE16134, ANK3 was assigned to the black module and exhibited high intramodular connectivity
(kWithin = 5.668) strong module membership (MM = 0.873; P = 2.919 × 10⁻⁹⁸), and a significant
association with periodontitis status (GS = − 0.58; P = 2.942 × 10⁻²⁹). ANK3 also met the predefined hub-
gene criteria, supporting its central position within the periodontitis-associated black module. The
expression profile of ANK3 is shown in Fig. 3J.

Candidate Gene MR Validation
In the European-ancestry analysis, two-sample MR indicated a protective effect of ANK3 across four
outcomes representing acute and chronic periodontitis (PIVW < 0.05). In East Asians, MR analysis of

periodontal disease also showed a protective association (Fig. 4 & Supplementary Table 6), with
evidence of heterogeneity.

Single-cell Analysis and Functional Inference
Following quality control, 11 cell types were annotated: B cells, dental pulp stem cells, endothelial cells,
epithelial cells, macrophages, mesenchymal stem cells, monocytes, NK cells, perivascular cells, PDLSCs,
and T cells (Fig. 5A, B). ANK3 was predominantly expressed in PDLSCs. Within this cell type, ANK3 was
downregulated in the periodontitis group relative to the healthy control group (Fig. 5D). Scissor analysis
classified epithelial cells as Scissor+ cells, while cell–cell communication analysis showed enhanced
communication between epithelial cells and PDLSCs in the disease group (Fig. 5E, F). Within PDLSCs,
scGSEA showed that ANK3 expression was positively correlated with enrichment of TNF-α signaling via
NF-κB but negatively correlated with enrichment of protein secretion, allograft rejection, mTORC1
signaling, and oxidative phosphorylation (Fig. 5G).
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Spatial Localization and Genetic Risk Mapping
RCTD-based deconvolution suggested that PDLSCs were enriched in regions adjacent to epithelial cells.
Given that the epithelium forms the first line of defense against microbial invasion, this spatial
association may reflect a link between epithelial barrier disruption and alterations in the adjacent PDLSC
niche. In addition, ANK3-enriched regions within PDLSCs overlapped with periodontitis genetic risk
regions identified by gsMap, indicating spatial colocalization of gene expression and disease
susceptibility signals (Fig. 5H).

PheWAS Results
ANK3 showed no significant associations with adverse clinical phenotypes at the predefined statistical
threshold (P < 1 × 10⁻⁶). These findings suggest that targeting ANK3 carries a low risk of unintended side
effects in periodontitis treatment.

Molecular Docking Results
DSigDB identified six ANK3-upregulating compounds. After excluding compounds without reported
therapeutic relevance to inflammatory conditions, infectious diseases, or oral diseases, as well as those
with severe toxicity or unfavorable safety profiles, Latomoxef and Metronidazole were retained as
candidate drugs. Molecular docking indicated potential binding between Latomoxef and ANK3, with a
Vina score of -6.7 kcal/mol, further supporting its prioritization (Fig. 5I).

Discussion
This study combined bidirectional MR with multi-omics analyses to examine periodontitis from both
microbial and host perspectives. MR identified multiple taxa within OM with causal links to periodontitis,
whereas the integrated analyses characterized candidate genes across tissue, cellular, and spatial
contexts. These findings provide insight into periodontitis pathogenesis and highlight potential
therapeutic targets.

Periodontitis-specific GWAS data remain scarce in East Asian populations; therefore, periodontal disease
served as a proxy outcome in the exploratory MR analysis. Although the broader phenotype definition
and relaxed instrument-selection threshold require caution when interpreting the MR estimates,
candidate genes were prioritized using several complementary lines of evidence. These included cis-
eQTL-based MR across ancestries and periodontitis subtypes, together with bulk, single-cell, and spatial
transcriptomic analyses that placed the genetic findings in biological and cellular context.

Species-level signals in the forward MR analysis were concentrated in Campylobacter_A, Fusobacterium,
and Streptococcus. Campylobacter_A was largely risk-associated, Streptococcus was protective, and the
direction of effect for Fusobacterium varied across species. Recent OM studies partly align with these
findings. Specific Campylobacter species have been reported to increase with periodontitis severity and
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to correlate with anaerobic, inflamed periodontal pockets and salivary metabolic disturbances,
supporting their role as risk-associated taxa [23, 24]. In contrast, Streptococcus is predominantly
enriched in periodontal health and help maintain a health-associated microbial community and resist
pathogen colonization [25]. Fusobacterium has a more complex role. As a bridging organism in dental
biofilms, Fusobacterium promotes microbial colonization and biofilm maturation [26], whereas under
dysbiotic conditions it facilitates red-complex colonization [27], reflecting a context-dependent role
consistent with the heterogeneous associations observed across Fusobacterium species.

In the reverse MR analysis, species-level signals were mainly enriched in Streptococcus and Prevotella,
with heterogeneous associations within both genera. This pattern suggests that periodontitis reshapes
species composition within these genera rather than uniformly increasing or decreasing their constituent
species. Under disease conditions, Streptococcus species show altered transcriptional activity and a
shift toward opportunistic members associated with more severe periodontal states [28]. Similarly, deep
periodontal pockets, anaerobic conditions, and tissue degradation products favor inflammation-adapted
Prevotella species over health-associated core or transitional species [29].

Scissor analysis identified epithelial cells as a major Scissor+ population associated with the
periodontitis bulk phenotype, implicating the epithelial compartment in disease processes related to
barrier dysfunction. Consistent with this interpretation, disruption of the gingival epithelial barrier
facilitates the penetration of bacterial products and promotes periodontal inflammation [30]. Spatial
transcriptomics showed that epithelial regions were located near PDLSC-enriched regions, whereas
scDEG and gsMap analyses implicated PDLSCs as the principal cellular context associated with ANK3.
Taken together, these findings raise the possibility that pathogenic cues from the inflamed epithelial
compartment may reach the adjacent periodontal regenerative niche. This hypothesis is relevant to the
biological distinction between gingivitis and periodontitis: gingivitis involves gingival inflammation
without attachment loss, whereas periodontitis entails destruction of the tooth-supporting tissues [31].
Given that bacterial and inflammatory stimuli can impair the osteogenic and regenerative functions of
PDLSCs [32], persistent epithelial barrier dysfunction could expose neighboring PDLSCs to pathogenic
cues, thereby compromising endogenous periodontal repair and potentially contributing to the
progression from reversible gingival inflammation to persistent periodontal attachment loss. However,
direct epithelial–PDLSC signaling was not examined in this study, and the proposed relationship requires
experimental validation.

Within this framework, ANK3 expression was lower in PDLSCs from periodontitis samples. scGSEA
revealed a positive association between ANK3 expression and TNF-α signaling via NF-κB, together with
inverse associations with protein secretion, allograft rejection, mTORC1 signaling, and oxidative
phosphorylation. These correlations connect ANK3 to inflammatory, metabolic, and secretory programs
relevant to PDLSC homeostasis [33, 34], but do not clarify whether ANK3 downregulation contributes to
regenerative dysfunction or arises as a consequence of altered PDLSC states. Reduced ANK3 expression
is therefore best regarded as a candidate molecular feature of inflammation-associated PDLSC
reprogramming rather than direct evidence of stemness loss. Further functional studies are required to
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determine the role of ANK3 in PDLSC self-renewal, osteogenic differentiation, and resistance to
inflammatory stress.

This study has several limitations. First, periodontitis-specific GWAS data were unavailable for East
Asian populations; periodontal disease was therefore used as a proxy outcome in the exploratory MR
analysis. The relaxed IV threshold was used to identify candidate signals rather than to support definitive
causal estimates. Second, the transcriptomic, scRNA-seq, and spatial transcriptomic analyses were
based on public datasets with limited sample sizes and potential heterogeneity in tissue composition,
clinical severity, and sequencing platforms. Third, validation in independent datasets and complementary
analyses using WGCNA, multi-ancestry MR, scDEGs, Scissor, and gsMap strengthened the robustness of
the findings. However, these computational approaches cannot establish direct molecular mechanisms.
The proposed involvement of the epithelial barrier, the spatial proximity between epithelial cells and
PDLSCs, and the functional changes associated with ANK3 therefore require validation in independent
cohorts, primary periodontal tissues, and cellular or animal models. Finally, the biological role of ANK3 in
PDLSC homeostasis, inflammatory responses, and periodontal tissue destruction remains to be
experimentally defined.

Conclusion
This study provides genetic and multi-omics evidence linking OM dysbiosis to periodontal disease and
identifies ANK3 as a candidate protective hub gene in periodontitis. Integrated single-cell and spatial
analyses indicated spatial proximity between PDLSCs and epithelial cells, providing a plausible spatial
context in which epithelial barrier disruption could influence the adjacent PDLSC niche through microbial
and inflammatory stimuli. Together, these findings highlight a potential role for ANK3-associated PDLSC
dysfunction in periodontitis pathogenesis and provide a rationale for further evaluating ANK3 as a
therapeutic target.
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Figure 1

The flowchart of the study.
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Figure 2

Bidirectional MR analysis of the causal associations between oral microbial taxa and periodontal
disease.

(A, C) MR-estimated effects from the forward (A) and reverse (C) analyses, assessing the effects of
dorsal tongue and salivary microbial taxa on periodontal disease risk and the effects of periodontal
disease on these microbial taxa, respectively. (B, D) Sankey plots showing the taxonomic classification
of microbial taxa identified in the forward (B) and reverse (D) MR analyses at the order, family, and genus
levels.
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Figure 3

Integrative screening and prioritization of ANK3 as a candidate gene for periodontitis.

(A) Volcano plot summarizing the MR results obtained using cis-eQTLs from eQTLGen as IVs and
periodontitis data from GCST90478260 as the outcome. (B, C) Volcano plot of DEGs in GSE16134 (B)
and 3D PCA plot of the same dataset (C). (D, E) Venn diagrams showing directionally concordant genes:
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genes upregulated in GSE16134 with MR estimates indicating increased periodontitis risk (D), and genes
downregulated in GSE16134 with MR estimates indicating a protective effect against periodontitis (E).
(F–H) WGCNA of GSE16134, showing module–trait relationships (F) and GS–MM scatter plots for the
black (G) and yellow (H) modules. Candidate genes were selected using the thresholds |MM| > 0.80 and
|GS| > 0.20, with ANK3 highlighted. (I) Venn diagram integrating WGCNA-identified genes, directionally
concordant genes, and genes associated with periodontal microenvironment dysregulation. ANK3 was
identified at the intersection of the three gene sets. (J) Comparison of ANK3expression between the HC
and periodontitis groups in GSE16134.
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Figure 4

MR analyses of periodontitis-related phenotypes using cis-eQTLs as IVs. The outcomes were periodontal
disease from an East Asian–ancestry dataset and acute periodontitis and chronic periodontitis from
European-ancestry datasets.
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Figure 5

Integrated single-cell, spatial transcriptomic, and molecular docking analyses. (A, B) t-SNE visualization
of the integrated single-cell atlas, colored by annotated cluster (A) and cell type (B). (C) t-SNE
visualization of ANK3 expression, with scDEG-identified cells showing ANK3 downregulation highlighted.
(D) Proportions of individual cell types in the healthy control (HC) and periodontitis (PD) groups. (E)
Scissor projection of the bulk phenotype onto the single-cell landscape using the GSE16134 dataset. (F)
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CellChat-inferred intercellular communication networks in the HC and PD groups, shown across all cell
types and for PDLSCs. (G) Circos plot summarizing the scGSEA results for ANK3in PDLSCs. (H) Spatial
transcriptomic maps of four samples showing ANK3expression, the RCTD-inferred spatial distribution of
PDLSCs, and gsMap-predicted regions associated with genetic susceptibility. (I) Molecular docking of
latamoxef to the ANK3 protein.

Figure 5
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