Omics-based mathematical modeling unveils pathogenesis of periodontitis in an experimental murine model.
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Abstract
[bookmark: OLE_LINK1][bookmark: OLE_LINK2][bookmark: OLE_LINK44][bookmark: OLE_LINK45][bookmark: OLE_LINK46][bookmark: OLE_LINK3][bookmark: OLE_LINK4][bookmark: OLE_LINK11][bookmark: OLE_LINK12]Periodontitis is a multifactorial disease that progresses via dynamic interaction between bacterial and host-derived genetic factors. The recent trend of omics analyses has discovered many periodontitis-related risk factors. However, how much the individual factor affects the pathogenesis of periodontitis is still unknown. This paper aims to identify multiple key factors related to the pathogenesis of periodontitis and quantitatively predict the influence of each factor on alveolar bone resorption by omics analysis and mathematical modeling. First, we induced periodontitis in mice (n=3 or 4 at each time point) by tooth ligation. Next, we assessed alveolar bone resorption by micro-computed tomography, alterations in the gene expression by RNA sequencing, and the microbiome of the gingivae by 16S rRNA sequencing during disease pathogenesis. Omics data analysis identified key players (bacteria and molecules) involved in the pathogenesis of periodontitis. We then constructed a mathematical model of the pathogenesis of periodontitis employing ordinary differential equations that described the dynamic regulatory interplay between the key players and predicted the alveolar bone integrity as output. Finally, we estimated the model parameters using our dynamic experimental data and validated the model prediction of influence on alveolar bone resorption by in vivo experiments. The model predictions and experimental results revealed that monocyte recruitment induced by bacteria-mediated Toll-like receptor activation was the principal reaction regulating alveolar bone resorption in a periodontitis condition. On the other hand, osteoblast-mediated osteoclast differentiation had less impact on bone integrity in a periodontitis condition. 













Introduction
     Periodontitis is a chronic inflammatory disease characterized by the destruction of the periodontal tissue. It is initiated by an imbalance of oral microbiota and host defenses (Pihlstrom et al. 2005) and progresses due to the dynamic interplay between periodontal pathogens and multiple host-related factors involved in the epithelial barrier, host immunity, inflammatory response, bone metabolism, and other factors (Cekici et al. 2014). 
     Recently, unbiased omics analyses have identified numerous periodontitis-associated risk factors (Lundmark et al. 2018; Williams et al. 2021). However, how much each factor affects the disease pathogenesis and alveolar bone integrity remains not fully elucidated. By understanding which factors have the most significant impact on the disease pathogenesis, we can develop precise diagnoses and interventions that target those specific factors. This approach can lead to more successful outcomes in treating periodontitis. To achieve this, a system-level analysis of the dynamic interplay between these risk factors of periodontitis is required.
     Mathematical modeling is a powerful tool to investigate dynamic interplay between multi-factors and quantitatively evaluate the relevance of a specific factor(s) or pathway(s) for the overall behavior of the system of interest (Heinrich et al. 2002; Karplus and McCammon 2002).
     In this study, using an experimental murine ligature-induced model, we first identified the key factors, such as pathogens and host-derived molecules, responsible for the pathogenesis of periodontitis by omics data analysis. Furthermore, we developed a mathematical model of the complex pathophysiological behavior of periodontitis that includes regulatory interplays between the omics-based multifactors and alveolar bone integrity. By analyzing the mathematical model, we quantitatively predicted how much influence each factor had on alveolar bone integrity and identified the relevant causal factors of the pathogenesis of periodontitis, of which prediction was successfully validated by two types of in vivo-murine experiments independently.     

Materials and Methods
     The materials and methods used in this study are described in Figure 1A and Appendix.

Results
Functional analysis of gingival gene expression patterns during the pathogenesis of periodontitis. 
     Using a murine periodontitis model (Appendix Figure 1), we performed RNA sequencing of the gingivae collected during the disease pathogenesis. We analyzed the differentially expressed genes (DEGs) between the healthy and periodontitis-induced gingivae (PD gingivae). Gene expression in the perio gingivae was normalized to that in the healthy gingivae at each time point and described as log2 fold change (log2FC). We obtained log2FC values for the expression patterns of 2,831 DEGs at five-time points. Clustering analysis revealed four gene groups showing distinct time-course patterns: cluster 1, genes showing delayed expression in the very late stage of the disease progression; cluster 2, genes downregulated at the late stage; cluster 3, genes temporally down-regulated in the middle of disease progression; and cluster 4, genes increasing expression from the mid-stage (Fig. 1B). 
[bookmark: OLE_LINK21][bookmark: OLE_LINK22]     We then performed functional analyses of each cluster using the Kyoto Encyclopedia of Genes and Genomes (KEGG) (Kanehisa and Goto 2000), Gene Ontology (GO), and Reactome databases (Gillespie et al. 2022) (Fig.1 C–E, respectively). The disease-related genes were chosen within each cluster by considering functional analyses and relevant references (Appendix Table 1). Cluster 1 contained the genes related to leukocyte migration such as Csf1, Sele, Tlr2, and Itgb2, and T cell differentiation such as Cd3e as well as those implicated in regulating angiogenesis such as Ccr2 (a monocyte marker gene). Another monocyte marker gene, Ly6c1, was detected in this cluster. Cluster 1 showed an enrichment of the genes related to extracellular matrix organization including Mmp9, Col1a1, Ctsk, and Ibsp as well as hemostasis. The results indicate that effector immune cells and monocytes were recruited to the tissue, which might destroy it as the disease progresses. Cluster 2 contained genes related to skin development such as Krt4 and Rora and those related to epithelial cell proliferation such as Dlx5 (an osteoblast marker gene) and Arg1 (a monocyte-specific marker that hinders effector immune cell functions), indicating that epithelial barrier was damaged. Cluster 3 contained genes related to muscle contraction such as Tnnt1 and those implicated in glycogen and pyruvate metabolism such as Ldhb, indicating that vasoconstriction, which requires the change of cytoskeleton and energy metabolism in endothelial cells, was temporally disrupted. This result suggests that vascular permeability and leukocyte transmigration increased. Cluster 4 contained genes related to the IL-17 signaling pathway such as Ccl2, Defb3, and Cxcl3, those involved in osteoclast differentiation such as Tnf and Tnfrsf11b, and those responsible for negative regulation of immune processes such as Pdcd1. These results indicate anti-bacterial and immune responses, osteoclast activation, and inhibition of inflammation in periodontal tissue. Cluster 4 also contained Vegfa (an angiogenesis inducer), indicating that the damaged endothelium was being repaired. Time-course gene expression data appeared to reflect the disease developmental process. Supplementary analyses are in Appendix. 

Analysis of the gingival microbiome during the pathogenesis of periodontitis.
[bookmark: OLE_LINK23][bookmark: OLE_LINK24]     To identify the periodontitis-specific bacteria in the gingivae, we performed 16S rRNA sequencing using healthy and PD gingival DNA. The Shannon index, representing alpha diversity which indicates the bacterial diversity in groups, was significantly higher in the inactive stage of periodontitis (day 0–16 of healthy gingivae and day 0 of PD gingivae) than that in the disease active stage (day 4–16 of PD), indicating that the bacterial diversity in the gingivae was reduced in periodontitis (Fig. 2A). The beta diversity, which indicates similarity or dissimilarity between groups, demonstrated that the gingival microbiome was significantly different between the disease active and inactive stages (Fig. 2B). The top eight and other bacterial abundance in healthy and PD gingivae is in Fig. 2C. Notably, specific bacteria, such as Gammaproteobacteria_Enterobacteriaceae_unassigned (gram-negative) and Bacilli_Enterococcaceae_Enterococcus (gram-positive), which were rarely observed in the healthy murine gingivae, were remarkably increased in PD (Fig. 2C and D). These results indicate that dysbiosis was promoted in the gingivae as periodontitis progressed. Additional analyses and integration analyses are in Appendix. Given that specific gram-negative Enterobacteriaceae predominantly proliferate within the gingivae during periodontitis development (Kitamoto et al. 2020), we selected Gammaproteobacteria_Enterobacteriaceae as a disease-specific pathogen in this murine periodontitis model.  

Construction of a mathematical model of periodontitis.
     We proposed a mathematical model of periodontitis that quantitatively predicts how alveolar bone integrity is affected by the interactions of key factors of the pathogenesis of periodontitis (Fig. 3 A). The mathematical model comprised of 15 ordinary differential equations with 33 rate equations (Appendix Table  2–4). The detailed model description is in Appendix Materials and Methods. Additionally, the biological processes of the model structure are illustrated in Appendix Figure 6.
     Based on the results of the RNA sequencing and microbiome analyses, we first selected the following eight factors that critically affected the pathogenesis of periodontitis: disease-specific gram-negative bacteria (bact) represented as Gammaproteobacteria_
Enterobacteriaceae (Fig. 2D), effector immune cells (im) such as lymphocytes, macrophage, and neutrophils represented as Itgb2 in Cluster 1, Toll-like receptors (tlr) represented as Tlr2 in Cluster 1, epithelial barrier (epi) represented as Rora in Cluster 2, monocytes (mo) represented as Ly6c1 in Cluster 1, endothelial damage (dmg) represented as Sele in Cluster 1, osteoclasts (oc) represented as Tnfrsf11a (Wada et al. 2006) and osteoblasts (ob) represented as Dlx5 in Cluster 2. In addition, the mathematical model (Appendix Table 2) included five other factors: mRNA expression of Pdcd1, Il10, Arg1, Ppp1r11and Vegfa representing inhibitory effects on im, mo, tlr, and dmg. The model input is environmental stimulus (input) and the model output is alveolar bone integrity (bone). 
     The kinetic parameters for the 33 reactions were estimated by parameter fitting. We obtained 20 independent model parameter sets using the BioMASS computational framework (Imoto et al. 2020) (Appendix Figure 7). The model reproduced the experimental time-course data of Gammaproteobacteria_Enterobacteriaceae (bact), transcripts of Tlr2 (tlr), Ly6c1 (mo), and Tnfrsf11a (oc), and alveolar bone (bone) (Fig. 3B and Appendix Table 5 and 6).
     Using these parameters, we performed parameter sensitivity analyses to identify the critical components in the network. The parameter sensitivities are approximated as the percent change in the quantity of interest caused by a change in a reaction rate (Kholodenko et al. 1997). We examined the effect of a 1% increase in model parameters on the value of alveolar bone integrity on day 16 (Fig. 3C). A parameter with a high sensitivity potentially indicates that the corresponding reaction may play a significant role in determining the alveolar bone integrity on day 16. Reactions 1 and 2, related to the gram-negative bacterial abundance, showed high sensitivity, and reaction 27, which decreases bone integrity by osteoclast function, showed strong negative sensitivity in the disease condition. Furthermore, reactions 5, 8, 9, and 22, corresponding to the pathways that activate Toll-like receptors (tlr) followed by recruitment of monocytes (mo) directly or via endothelial damage (dmg), demonstrated higher sensitivity in the disease condition than in the healthy condition. On the other hand, and reaction 26, the differentiation rate of osteoclasts (oc) regulated by osteoblasts (ob), did not show a high sensitivity of the bone integrity in the disease condition. Additionally, all reactions regulating effector immune cells (im) were low sensitivities of bone integrity in healthy and PD conditions. 

C-C chemokine ligand 2 plays a key role during the pathogenesis of periodontitis. 
     To validate the outcomes of the sensitivity analysis, we simulated using the model, wherein the parameters of reaction 8 were set to 0. The results revealed similar bone integrity between healthy and PD conditions, with a noticeable inhibition of bone integrity observed in the condition with periodontitis (Appendix Figure 8). This indicates the importance of reaction 8 in the pathogenesis of periodontitis. 
    C-C chemokine ligand 2 (Ccl2) is important in recruiting monocytes to inflamed local sites during infection (Serbina and Pamer 2006). To validate the model prediction that the reaction Toll-like receptors (tlr)-mediated monocyte migration (mo) had an influence on alveolar bone resorption in periodontitis (reactions 5–8–23–27), experimentally tested whether Ccl2, a candidate gene of reaction 8, was essential for the periodontitis-induced bone resorption in vivo. The qPCR analysis of the gingivae showed that Ccl2 mRNA expression was significantly up-regulated at the middle stages (Fig. 4A). Ccr2+ cells were increased in the PD gingivae, which correlated with up-regulation of Ccl2 (Appendix Figure 9A–C). The flow cytometry analysis showed that the frequency of Ly6c+Ccr2+ monocytes was increased in the ligated PD gingiva of wild-type (WT) mice compared to that in the unligated healthy gingiva. In contrast, the frequency was dramatically lower in the PD gingiva of Ccl2 knock-out (KO) mice, indicating that the Ccl2 deficiency inhibited monocyte recruitment to the inflamed gingiva (Fig. 4B). To evaluate whether Ccl2 was pivotal for periodontitis, we subsequently induced periodontitis in WT, Ccl2 KO, and the receptor of Ccl2, C-C Chemokine receptor 2 (Ccr2), KO mice and examined the disease-induced alveolar bone resorption. The mCT analysis revealed that substantial bone resorption was detected in WT mice on day 16, while it was significantly reduced in Ccl2 KO and Ccr2 KO (Fig. 4C). Consistent with the model prediction, the experimental results indicate that Ccl2 plays a vital role in periodontitis. 

Increase in Receptor activator of nuclear factor kappa-B ligand has little influence on alveolar bone resorption in the pathogenesis of periodontitis.
     The model predicted that the reaction that induced osteoblasts (ob)-directed osteoclasts (oc) differentiation contributed less to bone resorption in the PD condition. Using the model, we simulated to investigate the influence of modifying the values of reaction 26 on bone integrity. Strikingly, we observed a comparable level of bone integrity, regardless of the presence or absence of reaction 26, in the PD condition, indicating that reaction 26 is not critical for bone resorption in periodontitis (Appendix Figure 10). A candidate gene of reaction 26 is Receptor activator of nuclear factor kappa-B ligand (Rankl) that is mainly expressed on osteoblasts and mediates osteoclast differentiation (Lacey et al. 1998). Many studies have reported that RANKL production is increased in gingival crevicular fluids (GCF) of periodontitis patients, indicative of the strong association of RANKL with the pathogenesis of the periodontitis (Kinney et al. 2014). To address the discrepancy between our model prediction and the previous reports, we examined whether an increase in RANKL affected the alveolar bone resorption in periodontitis in vivo. We intraperitoneally injected different amounts of RANKL in WT, induced periodontitis by tooth ligation and analyzed bone resorption. The administration of 12 mg RANKL significantly decreased the tibial bone volume, indicating that the amount of RANKL used in this experiment was effective (Fig. 5A and B). In contrast, no significant difference in bone resorption was observed between the PD mice with and without RANKL (Fig. 5C and D). We further analyzed the number of osteoclasts on the surface of the alveolar bone around the roots of ligated molars. Tartrate-resistant acid phosphatase (TRAP) staining showed that the number of osteoclasts was similar between the mice injected with 0, 4, and 12 mg/day of RANKL (Fig. 5E and F). The systemic administration of RANKL results in osteoporosis development (Tomimori et al. 2009). To mitigate any potential systemic effects, we employed local injections of RANKL into the gingivae to induce periodontitis. Our finding revealed no significant disparity in bone resorption, regardless of the presence or absence of RANKL (Appendix Figure 11). Therefore, the increase of RANKL has little effect on periodontitis-induced alveolar bone resorption, which is consistent with our model prediction. 

Discussion
     In this study, we constructed a mathematical model of periodontitis based on RNA sequencing and microbiome data. The model analyses revealed a principal pathway responsible for the pathogenesis of periodontitis at a system level. The sensitivity analysis quantitatively predicted that several reactions related to bacteria, Toll-like receptors, monocytes, and endothelial damage contributed more to the alveolar bone resorption in the perio condition. However, osteoclast differentiation regulated by osteoblasts was less responsible for the pathogenesis of periodontitis. This is the first study that integrated the periodontitis-associated factors derived from the omics data of periodontitis and incorporated the dynamics of their interplays into a mathematical model to identify the essential regulatory features of disease pathogenesis. 
     Model sensitivity analyses revealed that monocyte migration was crucial for the pathogenesis of periodontitis. Our experimental validation showed that Ccl2 and Ccr2 KO mice reduced alveolar bone resorption, indicating that the recruitment rate of monocytes that differentiate into macrophages or pre-osteoclasts after the transition from the vasculature is important for alveolar bone resorption. Likewise, the inhibition of Ccl2 by its inhibitor, bindarit, rescued alveolar bone resorption in bd/bd diabetes mice with periodontitis (Shen et al. 2021). Higher expression of Ccl2 has been previously observed in the gingivae of periodontitis patients compared with those of healthy participants (Kurtiş et al. 2005). These studies support the distinct contribution of Ccl2 to periodontitis progression. The up-regulation of Ccl2 recruits Ccr2-expressing monocytes to the inflamed gingiva. These migrated monocytes differentiate into osteoclasts after transmigrating into the tissue and dissolve the alveolar bone, resulting in periodontitis development and progression. 
     Reportedly, effector immune cells, particularly neutrophils, are essential for periodontitis (Moutsopoulos et al. 2014). However, our model predicts that the reactions regulating effector immune cells have minimal impact on bone integrity. This finding suggests that the effector cell activities are significant in pathogen attack and inflammation induction, but its direct influence on bone resorption in periodontitis is less pronounced.
[bookmark: OLE_LINK9][bookmark: OLE_LINK10]     RANKL is a potent osteoclastogenic regulator and increased osteoporosis. The sensitivity analyses demonstrated that the sensitivity of reaction 26 represented as Rankl was slightly higher in the healthy condition than in the PD condition. Accordingly, the mice injected with soluble RANKL showed a dose-dependent osteoporosis-like tibial bone loss, indicating the importance of RANKL in non-inflammatory bone metabolism. Similarly, the alveolar bone volume was less in Rankl transgenic mice than that in WT mice in non-periodontitis physiological condition (Koide et al. 2013). In contrast, additional RANKL did not increase alveolar bone resorption or the number of osteoclasts in the PD mice. Consistent with our results, RANKL concentration and RANKL/osteoprotegerin ratio in human GCF were not correlated with the severity of periodontitis (Mogi et al. 2004). In contrast, the systemic blocking of RANKL by injecting anti-RANKL antibody into WT mice alleviated alveolar bone resorption in periodontitis, demonstrating the contribution of RANKL to alveolar bone resorption in periodontitis  (Lin et al. 2011). These findings suggest that a small amount of RANKL is sufficient for pathophysiological bone loss. 
     In this study, we examined the microbiota on and in the gingivale by extracting DNA from the tissue. Typically, we scrab the surface of teeth and gingival tissue to obtain plaque and examine the bacteria on the surface of these tissues, when we analyze patients' periodontal microbiota. However, by swabbing the teeth and surrounding gingival tissue in mice, we could not obtain enough amount of bacterial DNA to perform 16S rRNA sequencing. Recently, a new method has been developed to analyze the oral microbiome by oral swabbing in mice (Joseph et al. 2023). Future studies will be warranted to confirm our microbiome results is similar to those by their protocol.      
      The model is constructed using murine samples. Thus, the results may not be applicable to patients. Despite the differences in bacterial composition between humans and mice, we observed a similar decrease in bacterial diversity and dysbiosis of the gingival microbiome in mice as the healthy gingivae shifted to periodontitis. Many studies have demonstrated that subgingival microbial communities in humans with periodontitis are more homogeneous than those in healthy controls (Kirst et al. 2015). In addition, lower levels of diversity are associated with several diseases in humans (Pickard et al. 2017). Our results and these reports indicate that the alteration pattern in murine gingival flora in periodontitis may correlate with that in human gingival flora to some extent. Moreover, the pathway analyses based on RNA sequencing data showed that host responses to periodontitis in mice were comparable to those in humans. Based on these points, we speculate that the structure of the mathematical model of periodontitis progression in humans would be similar to that of our murine sample-based mathematical model. It will be interesting to extend the murine mathematical model to a patient-specific model when relevant clinical samples become available. 
     We constructed a simple mathematical model that contains only a limited number of species and reactions. Thus, we neglected the bacteria and molecules with lower amounts or expression levels, with little influence on the system behavior, or having similar effects with the components included in the model. Nonetheless, as the experimental validations of the model illustrated, our mathematical model is considered as a reasonable base model for periodontitis and could be applied to a patient model of periodontitis.  Using this model, we can investigate systematic perturbations caused by drug administration and interventions, modify the parameter values and run simulations. We anticipate the model will support drug discovery and treatment planning without clinical trials or animal experiments.
[bookmark: OLE_LINK7][bookmark: OLE_LINK8]     In conclusion, we proposed a simple mathematical model describing the system-level of the pathogenesis of periodontitis based on omics data obtained from a murine periodontitis model. The model analysis suggested the relevant causal risk factors and identified the predominant pathway in the deterioration associated with periodontitis: disease-specific bacteria–Toll-like receptor activation–monocyte recruitment directly or via endothelial damage–osteoclast activation. Simultaneously targeting the molecules regulating these reactions could be a novel and effective treatment strategy. Furthermore, a combination biomarker using these molecular components may provide a more precise prognosis or diagnosis of periodontitis. 
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Figure legends
Figure 1. Functional analyses of gene expression patterns in mice gingivae during the pathogenesis of periodontitis. Periodontitis was induced by silk ligature around the second molars of the maxillae of female wild-type (WT) mice for 16 days. (A) The diagram provides a visual representation of the experimental methods employed in this study. (B–E) RNA sequencing analysis of the healthy gingivae and gingivae with periodontitis (PD) was performed, and the differentially expressed genes (DEGs) between the PD and healthy gingivae were analyzed. n=3 healthy and PD gingivae at each time point. A total of 15 mice were included in the analysis, and each palate was divided at the center. (B) The heatmap illustrates the differentially expressed genes, categorized based on cluster analysis of the log2 fold change (log2FC) z-scores is shown. Four clusters were determined according to the gene expression patterns, and representative genes in each group and the number of genes within each cluster are annotated next to the heatmap of each cluster. (C–E) Heatmaps of enrichment analysis data. The top five significant terms in the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway database (C), the Gene Ontology (GO) functional database (D), and the Reactome pathway database (E) in each cluster.

Figure 2. Analysis of the gingival microbiome during the pathogenesis of periodontitis. 16S rRNA sequencing of gingivae from the healthy female mice and PD female mice was performed. Healthy and PD gingivae at each time point (n=3). A total of 15 mice were included in the analysis, and each palate was divided at the center. (A) Shannon index between inactive stage of periodontitis (days 0 to 16 in healthy and day 0 in PD) and active stage of the disease (days 4 to 16 in PD). Inactive periodontitis (control): light blue, active periodontitis: pink. Mean ± standard error (SEM). *P < 0.05 vs inactive. (B) Principal coordinates analysis (weighted UniFrac) of the gingival bacteria in healthy and PD gingivae at each time point. Star: healthy, circle: PD; red: day 0, orange: day 4, green: day 8, purple: day 12, and blue: day 16. Pink area: active stage of periodontitis (days 4 to 16 in PD), light blue area: inactive stage of the disease (days 0 to 16 in healthy and day 0 in PD). PERANOVA between active and inactive (control): P < 0.01. (C) The abundance of the top eight most frequently detected bacteria and other bacteria (the others) in healthy and PD. Bacterial names are listed as class_family (genus). The genus which was not identified in the database is shown as unassigned. (D) The alteration of the top two most frequently detected bacterial genera in perio, Bacilli_Enterococcaceae (Enterococcus) and Gammaproteobacteria_Enterobacteriaceae (unassigned), over 16 days. Data are presented as mean ± standard deviation (SD). *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001 vs day 0 (control).

Figure 3. A mathematical model of periodontitis. (A) A model schema. Nine model species are disease-specific gram-negative bacteria (bact), effector immune cells (im), Toll-like receptors (tlr), epithelial barrier (epi), monocytes (mo), endothelial damage (dmg), osteoclasts (oc), osteoblasts (ob), and bone integrity (bone). Input corresponds to environmental stimulus. Degraded bacteria, osteoclasts and mRNA are presented by　 . (B) Model simulation and experimental results of the time-series alteration of five model species: bact, tlr, mo, oc and bone. Blue: healthy and red: PD; solid lines and shaded areas: mean and SD of simulation results; diamonds: means of the experimental data. 20 parameter sets in silico simulation, n=3 at each time point for RNA sequencing data and microbiome data, n=3 or 4 at each time point for mCT data. (C) Sensitivity of the parameters corresponding to each reaction (the x-axis, the reaction number in (A)) to the mean normalized bone integrity (blue: healthy and orange: PD). 

Figure 4. C-C chemokine ligand 2 plays a key role during the pathogenesis of periodontitis. (A) C-C chemokine ligand 2 (Ccl2) mRNA expression of the ligated gingivae relative to ligature(-) was analyzed by qPCR. The unligated right side was used as a control. The number of analyzed mice was n=4 for days 4 and 12, and n = 5 for days 0, 8 and 16 (all female mice). Mean ± SD. **P < 0.001 vs day 0 (control). (B, C) Periodontitis induced in WT, Ccl2 knock-out (KO) mice, and C-C chemokine receptor 2 (Ccr2) KO mice (Day 0). (B) The frequency of Ly6c+Ccr2+ monocytes in the gingivae on day 2 was analyzed by flow cytometry. Left: unligated gingivae in WT mice (control), middle: ligated gingivae in WT mice, and right: ligated gingivae in Ccl2 KO mice. Data are representative of five similar results. The numbers of analyzed mice were WT: n=5 (male : female=4 : 1) and Ccl2 KO (male : female=4 : 1). (C) Representative mCT images of the maxillae and molars of WT, Ccl2 KO, and Ccr2 KO mice on day 16 after induction of periodontitis. Left: maxillae images at the ligated side, right: maxillae images at the unligated side; scale bar: 1 mm. Periodontitis-induced bone resorption was calculated based on mCT analysis of WT (n = 8 mice, male:female=4:4), Ccl2 KO (n = 11 mice, male:female=7:4), and Ccr2 KO mice (n = 9 mice: male:female=5:4). Data are presented as mean ± SD. ****P < 0.0001 vs WT (control). 

Figure 5. Increase in Receptor activator of nuclear factor kappa-B ligand has little influence on bone resorption in the pathogenesis of periodontitis. Periodontitis was induced at the left side of the maxillae by ligation of the second molars (Day 0). The right side maxillae were unligated. Female mice were intraperitoneally injected with Receptor activator of nuclear factor kappa-B ligand (RANKL) (0, 4 or 12 mg/day) on day 0, 1, and 2. (A) Representative mCT images of tibial cross-sections on day 12 are shown. Scale bar: 1 mm. (B) The tibial bone volume (bone volume/tissue volume [BV/TV] ratio) was calculated based on mCT images. RANKL injection 0 mg/day: n = 5 mice, 4 mg/day: n = 5 mice, 12 mg/day: n = 5 mice. (C) Representative mCT images of the maxillae and molars of the mice injected with RANKL (0, 4, or 12 mg/day). Left: maxillae at the ligated side, right: maxillae at the unligated side; scale bar: 1 mm. (D) Periodontitis-induced bone resorption was calculated based on mCT images. RANKL: 0 mg/day: n = 6 mice, 4 mg/day: n = 7 mice, 12 mg/day: n = 7 mice. (E) Representative tartrate-resistant acid phosphatase (TRAP) staining images of the periodontal tissue around the ligated second molars of the mice injected with RANKL (0, 4 or 12 mg/day). Scale bar: 100 mm. (F) The number of osteoclasts (OC) along the surface of the alveolar bone around the roots of the ligated molars was counted based on the images of TRAP staining. RANKL: 0 mg/day: n = 5 mice, 4 mg/day: n = 6 mice, 12 mg/day: n = 6 mice. (B, D, F) Data are presented as mean ± SD. NS: not specific, *P < 0.05 vs RANKL 0 mg/day (control).


