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Background: Emerging research suggests the relationship between the oral microbiome and sleep duration with depression, however, the precise mechanisms by which oral microbial diversity influences the sleep-depression nexus remain to be elucidated.

Methods: We analyzed data from 4,692 participants in the National Health and Nutrition Examination Survey (NHANES), incorporating key demographic variables, oral microbiome diversity metrics, sleep duration, and depression assessment variables. Classical multidimensional scaling facilitated dimensionality reduction, while unsupervised clustering divided participants into groups based on β-diversity dissimilarity matrices. We examined the moderating effects of oral microbiome diversity on the sleep-depression relationship by incorporating interaction terms sleep-oral microbiome diversity into multiple linear regression models.

Results: Our analysis revealed a U-shaped relationship between sleep duration and depression. Specifically, α-diversity was a significant moderator, with reduced diversity linked to an increased depression risk in participants with insufficient sleep. Regarding β-diversity, using both Bray-Curtis and UniFrac distance measures, Cluster 2 exhibited the strongest associations in sleep-deprived individuals (Bray-Curtis: β = 1.02, p < 0.001; Weighted UniFrac: β = 0.91, p < 0.001). In contrast, Cluster 1 displayed notable effects in individuals with excessive sleep (Bray-Curtis: β = 0.63, p = 0.008). Additionally, Cluster 3 was prominently associated with depression in sleep-deprived participants using unweighted UniFrac distance (β = 0.93, p < 0.001), and Cluster 2 was significant among those with excessive sleep across both unweighted (β = 0.80, p = 0.0004) and weighted UniFrac distances (β = 0.60, p = 0.001).

Conclusion: This study highlights the crucial role of oral microbiome diversity in moderating the U-shaped relationship between sleep duration and depression risk.
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Introduction

Depression is a widespread and complex mental health disorder, affecting over 300 million people globally and ranking as a major contributor to the global burden of disease according to the World Health Organization (1, 2). The etiology of depression is multifaceted, involving genetic, biological, environmental, and psychological factors (3–6). Recent advances in microbiome research, particularly in the gut, have underscored their profound influence on mental health (7–11). This has sparked a burgeoning interest in the oral microbiome, another critical component of the microbial ecosystem, and its potential impact on mental health disorders.

The oral microbiome consists of a diverse community of microorganisms such as bacteria, fungi, viruses, and archaea, situated within the oral cavity (12, 13). Boasting over 700 bacterial species, the oral cavity ranks as one of the most diverse and densely populated microbiota in the human body, second only to the gut. This diversity establishes the oral cavity as the most bacterially rich region in the human body (14). These microorganisms play vital roles in maintaining oral health, including preventing pathogen colonization, facilitating digestion, and modulating immune responses. Moreover, the oral cavity’s significant vascularity and frequent exposure to bacteremia from microbial migration across mucosal linings position it as a pivotal area where the microbiome can influence a variety of systemic diseases. These include cardiovascular disease, diabetes, rheumatoid arthritis, and notably, mental health disorders such as depression (15–23).

Emerging studies have unveiled fascinating connections between the oral microbiome and mental health disorders (21, 24). Changes in the composition of the oral microbiome, for instance, have been associated with conditions like depression and anxiety. Potential mechanisms involve the gut-brain axis, where microbial metabolites and immune responses originating in the oral cavity may impact neural circuits and mood regulation, thereby affecting mental health (16, 25). These insights illuminate the intricate interplay within the microbiome and open new paths for understanding and potentially addressing mental health disorders.

Two principal dimensions of microbial diversity, that is α-diversity and β-diversity, are used to describe the complexity of oral microbiome (26). α-diversity, measured by metrics such as OTU richness, Faith’s phylogenetic diversity, Shannon-Wiener index, and inverse Simpson index, provides insights into the variety and abundance of species within a specific environment. Conversely, β-diversity, assessed through metrics like unweighted and weighted UniFrac dissimilarity and Bray-Curtis distance, examines the differences in microbial compositions across various environments, helping identify unique microbial signatures.

Sleep is fundamental for maintaining physical health, emotional well-being, and cognitive performance, profoundly influencing overall quality of life (27–29). Adequate sleep is crucial for bodily healing and repair, immune function, and hormone regulation, which affect appetite and stress levels. It bolsters mental health by enhancing mood, reducing anxiety, and bolstering resilience against stress. From a cognitive standpoint, sufficient sleep is essential for sharpening attention, enhancing learning and memory, and improving decision-making skills. Therefore, ensuring good quality sleep is vital for well-being and life satisfaction, involving practices such as adhering to a regular sleep schedule, creating a conducive sleep environment, and managing pre-sleep routines to encourage restfulness. Moreover, research consistently shows a robust connection between sleep patterns and mental health issues, especially depression (30, 31). Disruptions in sleep, including insomnia and hypersomnia, are strongly linked to a higher risk of depression onset. A U-shaped relationship between sleep duration and depression has been identified, indicating that both short and excessively long sleep durations are associated with higher depression rates compared to moderate sleep durations (32). This relationship suggests an optimal sleep range that supports mental health, while deviations from this range, either insufficient or excessive sleep, may contribute to the onset and severity of depressive symptoms (33). Ideally, adults should aim for 7–9 h of quality sleep per night to support overall well-being (34).

Although existing studies have associated sleep and oral microbiome diversity to depression, the relation between sleep, the oral microbiome, and depression remains complex and not yet fully understood. This research aims to uncover how variations in the oral microbiome could potentially moderate the relation between sleep duration and depression in the U.S. population, offering new perspectives on how microbial diversity can affect mental health outcomes.



Methods


Study sample

This study utilized data from National Health and Nutrition Examination Survey (NHANES) collected between 2009 and 2012. Detailed information on the survey objective, target population, and data collection methods can be found at: https://wwwn.cdc.gov/nchs/nhanes/. Briefly, participants under 20 years old were excluded from the current study. Only participants with complete demographic characteristics (age, sex, race, education, marital status, poverty-income ratio) and lifestyle variables (smoking, self-reported sleep duration, body mass index, dietary inflammatory index, and leisure-time physical activity time) and oral microbial diversity data were included in this study. After eliminating samples with missing data, the dataset included 4,692 samples for analysis. Data from 2009 to 2012 were chosen due to the availability of oral microbiome diversity information during those years. No institutional review board approval was required as the data is publicly accessible on the NHANES official website.



Covariates

We considered several covariates associated with oral microbiome and depression. Demographic factors included age (20–39, 40–59, >60 years), gender, race/ethnicity (white, black, Mexican American, others), education (below high school, high school, college or above), marital status (married, living alone), and poverty income ratio (PIR). Lifestyle factors comprised smoking status (nonsmokers, smokers), self-reported sleep duration (hours per day, hrs/day), sedentary time (minutes/day, min/day), and body mass index categories (below 25, 25–30, 30–35, above 35 kg/m2). We assessed dietary habits using the Dietary Inflammatory Index (DII) (35) and leisure time physical activity based on recent exercise and active hobbies.



Exposures

In this study, we focused on the duration of sleep as the key exposure variable. Sleep duration data for all participants were obtained from the NHANES dataset for the years 2009–2012. For individuals aged 20 and above, we categorized their sleep hours into four groups: extra lack sleep (<=4 h), insufficient sleep (5–7 h), adequate sleep (7–9 h), and excessive sleep (> = 10 h), in accordance with sleep duration guidelines recommended by the US Centers for Disease Control and Prevention (CDC) (36).



Outcomes

The primary outcome in this study was depression, assessed using the Patient Health Questionnaire-9 (PHQ-9), a self-assessment tool that measures the severity of depressive symptoms. The PHQ-9 comprises nine questions related to common depression symptoms, such as low mood, loss of interest, sleep changes, fatigue, appetite changes, feelings of guilt, difficulty concentrating, psychomotor changes, and thoughts of self-harm or suicide. Each question is scored from 0 to 3, with 0 indicating the absence of the symptom and 3 indicating its presence nearly every day. The total score, ranging from 0 to 27, reflects the severity of depression, with higher scores indicating greater severity. Clinically, scores of 0–4 are considered normal, while scores above 4 indicate depression, categorized as mild (5–9), moderate (10–14), and severe (15–27) (37).



Moderators

In this study, we examined the role of oral microbiome diversity as a moderator. Oral rinse samples were collected using mouthwash for 5 s, followed by three 5-s gargles. DNA extraction was performed using a Puregene DNA purification kit. α-diversity and β-diversity were calculated from the raw sequence data. Details for deriving α-diversity and β-diversity were described elsewhere (26).

α-diversity metrics (OTU richness, Faith’s phylogenetic diversity, Shannon-Wiener index, and inverse Simpson index) were used to assess microbial diversity within individual samples. These metrics were calculated with rarefaction values of 10,000, capturing both richness and evenness within microbial communities. β-diversity metrics (unweighted UniFrac, weighted UniFrac, and Bray–Curtis dissimilarity) measured dissimilarity between individuals’ microbiome compositions (38).



Statistical analysis

Sample characteristics were summarized using median (IQR) for continuous variables and counts (%) for categorical variables. p-values for the initial comparison between characteristic variables and depression stages were calculated using the Kruskal-Wallis rank sum test for continuous data and Pearson’s Chi-squared test for categorical data.

We applied a multiple linear regression model to assess the relationship between depression scores and α-diversity metrics while accounting for demographic and lifestyle variables. The fourth quartile, representing high diversity, served as the reference group. For β-diversity metrics, we employed classic multidimensional scaling (MDS) for dimensionality reduction, followed by K-means clustering to assign participants to clusters. The optimal number of clusters for each β-diversity metric was determined using the silhouette measure and elbow plot. Multiple linear models were then used to explore the association between clustering labels and depression scores, with adjustments for potential covariates.

To explore the role of oral microbiome diversity as a moderator, we introduced multiplicative interaction terms (sleep hour category × α-diversity metrics or clustering membership based on β-diversity dissimilarity matrix). The interaction effects were quantified as the conditional effects of sleep duration on depression for α-diversity quarters and β-diversity clusters. The significance threshold was set at 0.05. Figure 1 outlines our data processing and statistical analysis workflow. All analyses were performed using R software, version 4.0.2.

[image: Figure 1]

FIGURE 1
 Schematic diagram of data preprocessing and analytic methods.





Results

The mean age of the participants is 48.9 years with a standard deviation of 11.3. Roughly, half of the participants fell within the 40–60 age group, with 51% being male (Table 1). Across all participants, the average OTU richness, Faith’s phylogenetic diversity, Shannon-Wiener index, and inverse Simpson index were 129 (SD 44), 14.5 (SD 3.5), 4.60 (SD 0.71), and 0.90 (SD 0.07), respectively. These measures of α-diversity exhibited a consistent decrease with increasing depression stages. The differences between the two alpha-diversity metrics (Shannon-Wiener index and inverse Simpson index) and depression stage, though relatively small, reached statistical significance at the 0.05 level (p = 0.002 and 0.012). The mean PHQ-9 depression score was 3.4 (SD 4.6). Participants in the severe depression stage exhibited the lowest PIR, leisure time physical activity duration, and sleep duration, while having the highest diet inflammatory index.



TABLE 1 Basic characteristic of the NHANES (2009–2012) 4692 analytical samples by different stage of depression.
[image: Table1]


Association with sleep duration, oral microbiome diversity, and depression

After adjusting for covariates, we observed significant differences in depression scores between the extra lack, insufficient sleep, and excessive sleep groups compared to the sufficient sleep duration group. An interesting U-shaped relationship emerged, signifying that individuals with either too little or too much sleep during the night had higher depression scores compared to those with sufficient sleep duration (beta = 0.65 [0.52, 0.69] and 0.35 [0.20, 0.51], all p values<0.001). Notably, the regression coefficient for the extra lack sleep group was larger than that for the excessive sleep group, suggesting that insufficient sleep posed a greater risk for depression than excessive sleep.

We employed multiple linear regression models to assess the relationship between depression scores and four α-diversity metrics, both as continuous variables and divided into quarters (Table 2). All four α-diversity metrics showed significant associations with depression scores after adjusting for covariates. The negative associations indicated that individuals with higher α-diversity experienced lower depression scores. Notably, the lowest quartile (Q1) of α-diversity had the more pronounced effect on depression compared to higher quartiles (Q2-Q4), suggesting a nonlinear relationship between the diversity and depression scores and the relationship potential leveled off at the high diversity.



TABLE 2 Association results of four alpha-diversity metrics, three beta-diversity metrics and depression using the multiple regression models adjusting for possible confounders.
[image: Table2]

In this study, low-dimensional β-diversity distances were separately clustered resulting in the classification of samples into four classes based on BrayCurtis, unweighted, and weighted Unifrac distances, as determined by the silhouette criterion. The distribution of samples in each cluster was provided in Supplementary Figure S1. We then analyzed the associations between these clustering results and depression scores (Table 2). Notably, we found that only Cluster 4, determined by the weighted Unifrac distance, exhibited a significant difference when compared to Cluster 1 (beta = 0.45 [0.09, 0.80], p = 0.013). There were no significant findings for the BrayCurtis and unweighted Unifrac distances.



Moderator effect of oral microbiome diversity on sleep duration and depression

Figures 2, 3B depict the relationship between sleep duration and depression scores, stratified by quantiles of α-diversity metrics and clusters from β-diversity distances. α-diversity was found to moderate the association between sleep duration and depression, with individuals in the low α-diversity groups within the lack of sleep category experiencing more pronounced effects on depression. The regression coefficients were 1.05, 0.91, 1.08, and 1.08 for the lower OTU-lack sleep, low Faith’s phylogenetic diversity-lack sleep, low Shannon-Wiener diversity-lack sleep, and low Inverse Simpson-lack sleep groups, respectively.

[image: Figure 2]

FIGURE 2
 Regression coefficient of the association between sleep duration and depression stratified by quantiles of α-diversity. Significant level: 0.05 (*) and 0.01 (**).


[image: Figure 3]

FIGURE 3
 Prediction of depression score with sleep duration stratified by clusters of β-diversity metrics. Regression coefficient of the association between sleep duration and depression score stratified by beta-diversity clusters. Significant level: 0.05 (*) and 0.01 (**).


In terms of β-diversity measured by BrayCurtis distance, Cluster 2 had the most significant effects among individuals with extra sleep lack (beta = 1.02 [0.79, 1.25], p < 0.001), while Cluster 1 exhibited the most significant effects among individuals with excessive sleep duration (beta = 0.63 [0.16, 1.01], p = 0.008). For unweighted UniFrac distance-measured beta-diversity, Cluster 3 had the most significant effects among individuals lacking sleep (beta = 0.93 [0.70, 1.16], p < 0.001), and Cluster 2 had the most significant effects among individuals with excessive sleep duration (beta = 0.80 [0.25, 1.35], p = 0.0004). When considering weighted UniFrac distance, Cluster 2 had the most significant effects among individuals lacking sleep (beta = 0.91 [0.66, 1.15], p < 0.001), and excessive sleep duration (beta = 0.60 [0.23, 0.97], p = 0.001).

Figures 3A, 4 illustrate the relationship between α-and β-diversity metrics and depression scores across different sleep duration groups. Figure 4 demonstrates the distribution of depression scores among various sleep duration groups, categorized by quantiles of α-diversity. Notably, depression scores exhibited distinct patterns across α-diversity within each sleep duration group. For instance, individuals with extra short sleep hours tended to have higher depression scores when α-diversity (ShanWienDiv and InvSimpson) was relatively low; whereas those with excessive sleep hours showed higher depression scores when α-diversity was richer.

[image: Figure 4]

FIGURE 4
 Prediction of depression score with sleep duration stratified by quantiles of α-diversity metrics.


Regarding the distribution of depression scores within different BrayCurtis diversity clusters, individuals in the extra sleep lack group had considerably higher depression scores in Cluster 2 and 4 compared to Cluster 1 and Cluster 3, while in the excessive sleep group, Clusters 1 and 2 had higher depression scores than Cluster 3 and 4. In the case of unweighted UniFrac diversity clusters, individuals in the extra sleep lack group had notably higher depression scores in Cluster 1, 3 and 4 compared to Cluster 2, whereas the excessive sleep group exhibited the highest depression scores in Cluster 2 and the lowest in Cluster 3. Additionally, the distribution of depression scores among individuals in different weighted UniFrac diversity clusters was relatively similar.



Sensitivity analysis

We assessed the robustness of our findings through three aspects. Firstly, we conducted analyses while controlling for various covariates to ascertain the stability of the results. Secondly, we employed different clustering methods for β-diversity. Finally, we utilized different seeds during the clustering process. All of these approaches yielded consistent results, underlining the robustness of our findings.




Discussion

Significant association between sleep and depression has raised considerable attention in the field of public health. Disrupted sleep can lead to imbalances in mood-regulating neurotransmitters like serotonin and dopamine, elevate inflammatory markers, and enhance the body’s stress response by increasing cortisol levels (27–30, 39–42). Numerous studies highlight a bidirectional relationship between sleep duration and depression (43). In our analysis, we observed a U-shaped relationship between sleep duration and depression, consistent with existing literature that suggests both short and long sleep durations are associated with an increased likelihood of experiencing depressive symptoms.

Changes in the oral microbiome have been associated with mental health issues such as depression (21, 24). For instance, Li et al. found a genetic link between the oral microbiome and depression and anxiety using genome-wide association study (GWAS) summary data, by examining polygenic risk scores (PRSs) of 285 salivary microbiomes and 309 tongue dorsum microbiomes (32). Similarly, Wingfield et al. reported subtle but distinct changes in the salivary microbiome structure and composition in adults with depression compared to controls, noting significant differences in taxonomic abundance profiles (β-diversity) but no significant differences in α-diversity (1). These findings allowed for clear discrimination between healthy and depressed cohorts based on Bray–Curtis dissimilarities. Other studies, such as one by Simpson et al., focused on adolescents, suggesting that the composition, but not the diversity, of the oral microbiome is linked to anxiety and depression symptoms in a group of participants aged 14–18 (32, 44).

Despite varied conclusions in existing literature, these studies highlight the significant role of the oral microbiome in mental health, influenced potentially by limitation in sample size or the specific populations studied. Our research, utilizing data from the large cross-sectional NHANES study, observed significant associations between both α-diversity and β-diversity (using weighted unifrac distances) in structuring the oral microbiome and depression scores. The current study based on a large population-wide cohort allows for a more robust understanding of how oral microbiome diversity correlates with mental health outcomes across a general population. This study is among the first to use such a comprehensive dataset to explore the relationship between the oral microbiome and self-reported depression scores, enhancing our understanding of the microbiome’s impact on mental health.

The relationship between the oral microbiome and depression involves complex mechanisms. Researches have shown that specific microbial profiles in the oral cavity linked to increased inflammation and immune dysregulation, particularly in autoimmune diseases like rheumatoid arthritis and systemic lupus erythematosus, may contribute to depression (20, 45–48). Furthermore, studies comparing the microbial diversity in healthy individuals and those with autoimmune diseases highlight the critical role of a balanced oral microbiome in maintaining immune homeostasis. This evidence points to the need for further research to validate the mediating roles and establish the causal mechanisms of these inflammatory biomarkers in larger cohorts, enhancing our understanding of their impact on mental health and their potential as therapeutic targets.

While existing literature acknowledges the relationship between sleep and oral microbiome diversity with depression, understanding how the oral microbiome moderating the interaction between sleep and depression remains complex and underexplored. To date, research directly examining how the oral microbiome may regulate this relationship is still lacking. Our study delves into the role of oral microbial diversity in the relationship between sleep and depression, utilizing data from a large cross-sectional study NHANES. We showed that lower α-diversity within the lack of sleep category was associated with larger risk of depression, as evidenced by regression coefficients for various diversity metrics. For instance, lower OTU, Faith’s phylogenetic diversity, Shannon-Wiener diversity, and Inverse Simpson diversity in the lack of sleep group showed notable regression coefficients, indicating a more pronounced impact on depression. β-diversity metrics further elucidated the nuanced interaction between oral microbiome diversity and sleep duration on depression. Different clusters demonstrated varying effects, emphasizing the importance of considering the composition and structure of the oral microbiome. Notably, individuals with poor α-diversity in the oral microbiome and either insufficient or excessive sleep exhibited significantly increased depression scores compared to those with sufficient sleep.

In summary, our findings highlight the intricate interplay between sleep duration, depression, and oral microbiome diversity. Moreover, the moderating effects of oral microbiome diversity underscore the potential influence of oral health on the sleep-depression association. These insights contribute to a deeper understanding of the multifaceted factors contributing to mental health outcomes and may inform targeted interventions for individuals with specific sleep patterns and oral microbiome profiles.

One limitation of this study lies in the restricted access to summary data of raw oral microbial sequencing information, specifically limited to α-diversity and β-diversity metrics. The lack of detailed raw sequencing data hampers the depth of microbial analysis, impeding a comprehensive exploration of specific microbial taxa or functional elements. Moreover, the inability to annotate individual characteristics of cluster labels derived from the β-diversity index restricts the understanding of specific microbial compositions within each cluster, potentially overlooking valuable details that could enhance the depth and precision of the analysis and interpretation.



Conclusion

Individuals exhibiting poor α-diversity in the oral microbiome alongside extreme sleep durations displayed notably higher depression scores compared to those achieving adequate sleep. These findings suggest a complex interplay between sleep patterns, oral microbiome diversity, and depression. However, it remains to be determined whether variations in oral microbiome diversity are directly influencing depression or merely reflect differences in oral health practices among those with depression. Further research is necessary to clarify these relationships and potentially inform more targeted mental health interventions.
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