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Abstract
Periodontitis arises from dysregulated crosstalk among epithelial, immune, and stromal compartments, ultimately driving connective-tissue and alveolar-bone loss. While single-cell RNA-seq (scRNA-seq) has mapped this heterogeneity, insights are fragmented across studies with differing cohorts and preprocessing. Here we harmonize two independent gingival scRNA-seq datasets (Chen et al., 2022; Easter et al., 2024) into a unified, patient-aware atlas. We standardize gene identifiers and metadata, then integrate with Harmony while preserving patient labels to minimize batch effects without erasing biological variation. The integrated embedding recovers diverse immune and stromal populations—including fibroblast subsets, macrophages, T cells, endothelial and epithelial lineages—and supports consistent cell-state annotations across cohorts. To identify robust disease signals, we aggregate counts into patient-level pseudobulk profiles and perform differential expression contrasting periodontitis versus non-periodontitis samples. This reveals conserved programs marked by upregulation of inflammatory and tissue-remodeling pathways and downregulation of protective homeostatic processes. Cell type–resolved boxplots highlight lineage-specific shifts across endothelial, fibroblast, keratinocyte, pericyte, plasma-cell, and T-cell compartments, underscoring coordinated immune–stromal remodeling in disease. Collectively, this cross-cohort, patient-preserving harmonization establishes a stable reference for periodontal biology and a framework for biomarker nomination and therapeutic target discovery.
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Introduction
Periodontitis is a chronic inflammatory disease characterized by persistent microbial challenge and aberrant host immune responses that drive destruction of gingival connective tissue and alveolar bone support (Hajishengallis & Chavakis, 2021; Zhang et al., 2024). The pathogenesis is orchestrated by complex cross-talk among epithelial barriers, infiltrating immune cells (neutrophils, macrophages, T cells), and resident stromal populations (fibroblasts, vascular cells), which together mediate inflammation, extracellular matrix remodeling, and osteoclastic activation (Williams et al., 2021). Central to this network is a cytokine milieu—among others, IL-1β, TNF, IL-6, and IL-17—that regulates immune cell recruitment, activation, and the balance between tissue destruction and repair (Kowalski et al., 2022; Pan et al., 2019). In recent years, single-cell RNA sequencing (scRNA-seq) has emerged as a transformative tool for dissecting cellular heterogeneity in complex tissues and inflammatory diseases; by profiling transcriptomes at single-cell resolution, scRNA-seq enables identification of rare subpopulations, cell-state transitions, and intercellular signaling circuits that are masked in bulk assays (Jung & Lee, 2023; Woo & Eyun, 2025). scRNA-seq offers a powerful framework to probe how homeostatic intercellular communication is deranged in periodontitis and to pinpoint candidate pathways driving disease progression.
Although individual scRNA-seq studies have provided important insights into the cellular composition and signaling pathways of periodontal tissues, each dataset is constrained by cohort size, technical variability, and study-specific preprocessing (Luecken & Theis, 2019). These limitations can restrict the generalizability of findings and obscure subtle but consistent disease-associated patterns (Büttner et al., 2019). Integrating multiple independent datasets not only increases statistical power but also enables harmonization across different experimental platforms, patient cohorts, and clinical conditions (Stuart et al., 2019). Such cross-study integration is essential for constructing a more comprehensive atlas of periodontal cell states and for distinguishing robust transcriptional signatures of disease from dataset-specific artifacts (Korsunsky et al., 2019).
Two recent scRNA-seq studies have expanded our understanding of cellular and molecular mechanisms in periodontitis by profiling periodontal tissues at single-cell resolution. The first, Chen et al., provided single-cell profiles of healthy and diseased periodontal tissues, uncovering heterogeneity among fibroblast subsets, immune cell activation states, and epithelial dynamics associated with tissue destruction and repair (Chen et al., 2022). More recently, Easter et al., generated a large-scale single-cell atlas of gingival tissues that revealed diverse immune and stromal populations, characterized ligand–receptor interactions, and highlighted pathways driving inflammatory microenvironments (Easter et al., 2024). Together, these studies offer rich datasets that capture the complexity of cell populations and transcriptional programs underlying periodontitis.
Building on these resources, the present study seeks to harmonize the two available scRNA-seq datasets to generate a unified transcriptional landscape of periodontitis. By applying cross-dataset integration strategies, we aim to mitigate batch effects and consolidate shared cellular states across independent cohorts. Within this harmonized framework, we perform differential expression analyses to identify conserved gene programs associated with disease, with particular attention to immune and stromal populations that drive inflammatory and remodeling processes. This approach not only enhances the robustness of disease-associated transcriptional signatures but also establishes a foundation for future comparative analyses and therapeutic target discovery in periodontitis.

Research Methods
Datasets
We analyzed two publicly available single-cell RNA sequencing (scRNA-seq) datasets profiling gingival tissues in periodontitis. The first dataset, published in Theranostics (2022), includes healthy, periodontitis, and post-treatment samples generated using droplet-based scRNA-seq. The second dataset, from Nature Communications (2024), provides a large-scale atlas of gingival immune and stromal cell states with extensive donor representation. Together, these datasets span healthy and diseased conditions, capturing both treatment-naïve and treated tissues, and were selected to enable cross-cohort harmonization and identification of conserved transcriptional programs in periodontitis.
Data preprocessing and conversion
For the Theranostics dataset, raw gene–cell count matrices were provided as compressed tab-separated files (.counts.tsv.gz) with corresponding cell barcode lists (.cellname.list.txt.gz). We implemented a custom preprocessing script (convert_tsv.py) to construct a unified AnnData object. Briefly, for each sample, we loaded the gene count matrix and matched it to its cell identifiers. Potential mismatches due to header lines in barcode files were corrected by trimming extraneous entries. Gene identifiers were intersected across all samples to ensure comparability, and unique cell identifiers were generated by concatenating sample IDs with original barcodes. Sample-level metadata (condition, sex, age, and patient ID) were appended to cell-level observations. Count matrices were then concatenated across samples, and the resulting dataset was stored in .h5ad format for downstream analysis.
Gene identifier harmonization
The Nature Communications dataset reported expression with Ensembl gene identifiers, whereas the Theranostics dataset used gene symbols. To align these datasets, we implemented a conversion step using the MyGeneInfo API, mapping Ensembl IDs to gene symbols. Duplicated mappings were disambiguated by appending unique suffixes, and only genes with consistent mappings across both datasets were retained. This yielded a common set of genes used for harmonized integration.
Metadata harmonization
To preserve biological granularity, we standardized sample metadata across cohorts. Patient identifiers were extracted or reconstructed depending on dataset structure, and prefixed with dataset-specific tags to avoid collisions. Condition annotations were harmonized into three categories: healthy, periodontitis, and post-treatment. A binary status label (periodontitis vs. non-periodontitis) was also generated for downstream differential expression analysis.
Quality control
Quality control (QC) was performed on each dataset prior to integration. Cells with fewer than 200 detected genes were excluded, and cells exhibiting >25% mitochondrial transcript content were removed where applicable. Following QC, both datasets were filtered to their common gene set, ensuring alignment of feature space.
Data integration
To mitigate batch effects and preserve inter-patient heterogeneity, we performed integration using Harmony. Counts were normalized to 10,000 transcripts per cell and log-transformed. Highly variable genes were identified separately for each batch and retained for integration. Principal component analysis (PCA) was computed, and Harmony was applied using both dataset labels and patient identifiers as covariates to maximize alignment while controlling for individual-specific variation. Harmony-corrected embeddings were then used to compute neighborhood graphs, UMAP embeddings, and Leiden clusters.
Immune cell identification
To focus analyses on immune-mediated mechanisms of disease, immune cell populations were identified using canonical marker-based scoring. Marker panels for T cells, B cells, plasma cells, monocytes, macrophages, NK cells, dendritic cells, and neutrophils were curated from literature. An immune score was calculated for each cell, and cells exceeding the 75th percentile were retained for immune-focused analyses.
Differential expression analysis
Differential expression (DE) testing was performed between periodontitis and non-periodontitis immune cells using a Wilcoxon rank-sum test implemented in Scanpy. Genes were considered significant if they exhibited an absolute log2 fold-change > 0.25 and an adjusted p-value < 0.05. To ensure robust inference, DE analysis was performed with patient identifiers preserved, preventing pseudoreplication across individuals.

[bookmark: _8rhi0vm6apa6]Results
[bookmark: _nngb95jvp64]Harmonization of independent scRNA-seq datasets
To overcome dataset-specific biases, we harmonized scRNA-seq profiles from the Theranostics (2022) and Nature Communications (2024) studies into a unified transcriptomic atlas of periodontal tissues. Harmony integration with patient-level preservation aligned both datasets into a common latent space, reducing batch-driven segregation while maintaining biological distinctions. Cells grouped according to clinical status and tissue compartments rather than dataset origin, confirming effective cross-cohort harmonization (Figure 1).
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Figure 1. Integration overview of periodontal scRNA-seq datasets. UMAP visualization shows cells from both studies embedded in a harmonized latent space, colored by dataset, condition, and patient identity. Integration reduces batch effects while retaining biological heterogeneity.

[bookmark: _sfspox3xsk1a]Identification of cell populations in the harmonized atlas
Clustering of the integrated dataset revealed distinct cellular compartments, including epithelial, stromal, and immune populations. Fibroblast subsets, macrophages, T cells, and epithelial lineages were robustly recovered, consistent with prior study-specific findings. The harmonized clustering demonstrates that integration preserved fine-grained cell-type resolution and allowed patient-level annotation across cohorts (Figure 2).
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Figure 2. Cell type clustering of harmonized periodontal atlas. UMAP embedding colored by annotated cell types highlights recovery of fibroblast, epithelial, and immune subpopulations. Integration preserved cell identity while aligning datasets.

[bookmark: _t7arjnecjg3h]Differential expression highlights conserved disease-associated programs
To identify conserved transcriptional changes in periodontitis, we performed pseudobulk differential expression analysis across patient-derived samples. Out of more than 13,000 tested genes, several hundred reached significance (adjusted p < 0.05, |log2FC| > 0.5). Both upregulated and downregulated gene sets were observed in periodontitis compared with controls, indicating activation of inflammatory and remodeling programs alongside suppression of homeostatic pathways (Figure 3).
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Figure 3. Volcano plot of pseudobulk differential expression. Genes upregulated in periodontitis are highlighted in red, and downregulated genes in blue. Horizontal dashed line marks significance threshold (padj = 0.05); vertical dashed lines indicate log2FC cutoff (±0.5).

[bookmark: _spun4b4ymqzd]Expression validation of top regulated genes
Boxplot analyses of the top 10 upregulated and top 10 downregulated genes confirmed consistent expression changes across patient samples. The upregulated set showed elevated expression in periodontitis compared with controls (Figure 4), while the downregulated set displayed reduced expression in disease (Figure 5). These results confirm that harmonization preserved patient-level variation while enabling robust cross-cohort detection of shared disease signatures.
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Figure 4. Pseudobulk expression of top upregulated genes. Boxplots show increased expression of the top 10 genes upregulated in periodontitis: MAP3K20-AS1, WNT2, EREG, LUCAT1, BACH1-IT1, LIF, E2F5, TGM2, GK, and DNAJC5B. Individual points represent pseudobulk patient samples.
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Figure 5. Pseudobulk expression of top downregulated genes. Boxplots highlight reduced expression of the top 10 genes downregulated in periodontitis: MIR99AHG, CBR3, AHNAK2, NUPR1, IL17RE, SELENOP, TRIM7, TCEA3, SERHL2, and NTRK2. Individual points represent pseudobulk patient samples.

[bookmark: _d2r8jhxc0jke]Cell type–specific differential expression patterns
To further resolve transcriptional programs associated with periodontitis, we examined differential expression within individual cell populations. For each major stromal and immune lineage, the top five significant genes were visualized in patient-level pseudobulk boxplots. These analyses revealed both upregulated and downregulated genes specific to endothelial cells, fibroblasts, keratinocytes, pericytes, plasma cells, and T cells, highlighting distinct contributions of each cell type to the disease microenvironment (Figures 6–11).
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Figure 6. Top differentially expressed genes in endothelial cells. Boxplots show expression changes for the top 5 genes: PMEPA1, KDM2A, TP53BP2, PDE8A, and ITGAV.
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Figure 7. Top differentially expressed genes in fibroblasts. Boxplots show expression changes for the top 5 genes: PITPNA, PITPNC1, SNX9, SIK3, and RNF19A.
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Figure 8. Top differentially expressed genes in keratinocytes. Boxplots show expression changes for the top 5 genes: TAF11, BOLA1, SELENOP, KBTBD3, and ZCWPW1.
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Figure 9. Top differentially expressed genes in pericytes. Boxplots show expression changes for the top 5 genes: ASAP1, MSX1, BAZ1A, IKBIP, and PLEKHG2.
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Figure 10. Top differentially expressed genes in plasma cells. Boxplots show expression changes for the top 5 genes: INPP5B, DOCK7, TOGARAM1, ZNF518A, and SMG1.
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Figure 11. Top differentially expressed genes in T cells. Boxplots show expression changes for the top 5 genes: IL21R, NMT2, ELMO1, and RAB21.
Discussion
By harmonizing two independent scRNA-seq datasets (Korsunsky et al., 2019; Stuart et al., 2019), we generated a unified transcriptional atlas of periodontal tissues that revealed conserved disease-associated programs across patients. The integration preserved fine-grained cellular identities while mitigating dataset-specific biases (Luecken & Theis, 2019; Stuart et al., 2019), enabling robust cross-cohort comparisons (Hao et al., 2021). Differential expression analysis uncovered coordinated shifts in immune and stromal pathways (Crowell et al., 2020; Squair et al., 2021), providing mechanistic insights into the inflammatory remodeling that characterizes periodontitis.
Among the most notable upregulated genes were WNT2, EREG, and LIF, which converge on pathways central to tissue remodeling and chronic inflammation. WNT2 activation implicates the Wnt signaling axis, which regulates bone homeostasis and periodontal fibroblast activity (González-Quintanilla et al., 2021; Lim et al., 2014). EREG, an EGFR ligand, can drive epithelial proliferation and pro-inflammatory signaling (Ezaddoustdar et al., 2025; Homma et al., 2017; Riese & Cullum, 2014). LIF, a pleiotropic cytokine, links immune activation with stromal remodeling in chronic inflammation (Wang et al., 2023). Conversely, downregulation of SELENOP and IL17RE points to impaired host defense and altered cytokine responsiveness: SELENOP encodes the principal selenium transport protein with antioxidant/redox functions, so its suppression may weaken oxidative-stress buffering (Saito, 2021; S. P. Short et al., 2018). Reduced IL17RE expression suggests disruption of the IL-17C–IL-17RE mucosal-defense axis at the gingival barrier (Mills, 2023; Nies & Panzer, 2020). 
Cell type–specific analyses provided further resolution. Endothelial cells displayed altered expression of adhesion/signaling genes such as ITGAV, consistent with vascular remodeling and leukocyte recruitment (integrin-mediated endothelial adhesion/barrier regulation and inflammatory leukocyte–endothelial interactions) (Aman & Margadant, 2023; Granger & Senchenkova, 2010; Marchini et al., 2021). Fibroblasts upregulated regulators of intracellular trafficking and signaling (e.g., SNX9, SIK3), aligning with roles for SNX9 in clathrin-mediated endocytosis/actin coupling and for SIK3 in inflammatory signaling and vascular remodeling (Cai et al., 2021; Jarsch et al., 2020; Shi, 2024; B. Short, 2017; Yarar et al., 2007). In keratinocytes, downregulation of antioxidant support (e.g., selenoprotein pathways linked to SELENOP) and stress-response factors suggest weakened epithelial resilience under oxidative stress (Chettouh-Hammas et al., 2023; Papaccio et al., 2022; Pleńkowska et al., 2020; Sengupta et al., 2010). Plasma cells showed modulation of signaling adaptors such as INPP5B, which regulates B-cell receptor clustering and downstream signaling (Droubi et al., 2022). T cells upregulated IL21R, a receptor critical for effector differentiation and T-cell help to B cells/plasmablasts (de Leur et al., 2017; Tian & Zajac, 2016).

[bookmark: _GoBack]Limitations
Several limitations should be considered. First, the harmonization combined datasets generated using different experimental protocols. While Harmony integration minimized batch effects, residual technical variation may persist. Second, pseudobulk differential expression strengthened patient-level comparisons but can obscure subtle transcriptional heterogeneity in rare cell subsets. Third, these datasets represent cross-sectional sampling and therefore cannot capture dynamic changes during disease progression or treatment. Finally, although the analysis identified candidate pathways, functional validation in experimental systems is needed to confirm their causal roles in periodontitis.
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