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1. Introduction

Interactions between gut microbiota and the host play an important role in central nervous
system function and behavior, primarily mediated through immune and neuroendocrine
pathways (i.e., the gut-brain axis) (Cryan and Dinan, 2012; Liang et al., 2018). Over

the past decade, clinical studies and animal models have suggested that chronic distress-
related conditions, such as depression and anxiety disorders, are associated with altered
gut microbiome composition. For instance, fecal samples from individuals with depression
exhibit altered species diversity and taxonomy (Cheung et al., 2019; Horne and Foster,
2018). Various neuropsychiatric conditions are also characterized by under-representation
of bacteria that produce anti-inflammatory metabolites (reviewed in Dalile et al., 2019),
one potential mechanism by which gut-mediated immune alterations affect behavior.
Furthermore, interventions that influence gut-brain interactions may improve depression
and anxiety-related symptoms (Bruce-Keller et al., 2018) by altering immune and
neuroendocrine pathways, and microbial profiles have been shown to predict treatment
responses in mental illness (Mantere et al., 2017).
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Our current understanding of these relationships is primarily informed by stool-derived
specimens, which, though useful, can be limited by practical sampling issues in certain
contexts, such as one or fewer specimens per day based on intestinal motility. By
comparison, the oral microbiome (e.g., salivary, supragingival) is relatively straightforward
to collect multiple times per day and can be sampled ‘on-demand,” enabling its investigation
in acute laboratory manipulations such as stress reactivity. Although tissue or body-site
specific microbiome differences are recognized and such data remain limited, initial
reports show modest correlations between oral and gut microbiome composition (Ding
and Schloss, 2014; Huttenhower et al., 2012). Oral microbiomes have also been reported
to differ in patients with gastrointestinal diseases, such as inflammatory bowel (Said et

al., 2014) and celiac disease (Francavilla et al., 2014), as well as inflammatory disorders
such as rheumatoid arthritis (Du Teil Espina et al., 2019), and neuropsychiatrie disorders,
including schizophrenia (Castro-Nallar et al., 2015; Yolken et al., 2015) and Parkinson’s
disease (Pereira et al., 2017), as well as obesity (Tam et al., 2018), indicating that diverse
pathologies may be reflected in the oral microbiome. What remains unresolved, however,
is whether the oral microbiome also serves as a biomarker of subclinical psychological
distress or host inflammation, which would provide proof-of-concept for experimental, or
observational, investigations of host-microbiome interactions not currently feasible using
gut-derived samples.

Studies of the oral microbiome, particularly of saliva, suggest that considerable diurnal
variability exists both within and between individuals (Takayasu et al., 2017), similar to the
gut (Flores et al., 2014). Part of this variation may be due to host behaviors, such as feeding
(Collado et al., 2018) or tooth brushing (Morton et al., 2019). However, emerging evidence
suggests that microbiome compositional oscillations may be entrained by and dependent
upon host circadian biology (reviewed in Nobs et al., 2019), the disruption of which can
affect microbial proliferation and survival. While the mechanisms of circadian cross-talk
across physiological systems are poorly understood in the gut or mouth, neuroendocrine
and immunological factors impacted by psychological distress may play a role within

the oral microenvironment, which could in turn impact oral and/or systemic health. For
example, chronic psychological distress, including depressed mood and anxiety, blunts
diurnal patterns of glucocorticoid and catecholamine secretion in saliva (e.g., cortisol (Miller
et al., 2007) and alpha-amylase (Nater et al., 2007), respectively), both of which are known
to modulate gut microbes (Huang et al., 2015; Lyte et al., 2011) and thus, may also blunt
diurnal rhythms in relative abundance and/or functional pathways of microbial features
within the mouth (Poole et al., 2019).

Chronic distress is also associated with immunosuppression, which can manifest in
decreased salivary antibody production (e.g., IgA) (Engeland et al., 2016), an important

host factor in oral microbiome homeostasis (reviewed in Bosch et al., 2002). Elevation

of proinflammatory cytokines in peripheral blood, such as tumor necrosis factor-alpha
(TNF-a), interleukin-6 (IL-6), and interleukin 1-beta (IL-1B), is also observed in chronically
distressed individuals (Slavich and Irwin, 2014), and are correlated with salivary cytokine
levels during acute psychological stress (La Fratta et al., 2018). Salivary cytokines

have been associated with salivary microbial composition in the context of periodontal
disease (Lundmark et al., 2019), but relationships with peripheral cytokines in non-clinical
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samples remain unexplored. However, inter-individual variation in stimulated host cytokine
responses is partially explained by gut microbiome composition and may be mediated by
immunomodulatory microbial metabolites (Schirmer et al., 2016), which also highlights
the need for parallel salivary microbiome data in understanding complex host-microbiome
interactions. Little is known about the relationships between the host’s psychological or
inflammatory state, salivary microbiome composition, and its diurnal changes.

The present study sought to examine whether salivary microbiome composition was
associated with or predictive of distress- and inflammation-derived host profiles in a non-
clinical adult population. Furthermore, we hypothesized that individuals with higher distress
or inflammation would exhibit altered temporal variability in microbial community structure
(e.g., alpha and beta diversity) and less variation in microbial abundance over a single day.

2. Materials and methods

2.1. Participants

All participants gave informed consent to the protocol, approved by the University of
California, San Diego Institutional Review Board. Data from 68 healthy, non-smoking
adults between 20-65 years who were recruited from the local community for a larger

study of the role of obesity on vascular inflammation and immune cell activation in
normotension vs. stage 1 hypertension (SBP: 130-140 mmHg; DBP: 80-90 mmHg), were
included in this investigation. Initial screening via telephone interviews, followed by face-
to-face confirmation of health history, established the absence of the following exclusion
criteria: diabetes, current or recent history (<6 months) of tobacco smoking or substance
abuse, history of cardiovascular disease (e.g., symptomatic coronary or cerebrovascular
disease, arrhythmia, myocardial infarction, cardiomyopathy, heart failure), history of
bronchospastic pulmonary disease, inflammatory disorders or health-related factors affecting
immune function (e.g., vaccinations within 10 days of study visit, active infections/illness,
immunomodulatory medication such as steroids or antibiotics, uncontrolled thyroid disease),
psychosis, major depressive disorder, and stage 2 clinical hypertension indicated by use of
anti-hypertensive medication or laboratory-assessed BP =145/90 mmHg. Sociodemographic
characteristics (i.e., age, sex, and race) were determined through participant interview.
Average resting systolic blood pressure was calculated from two sets of three consecutive
measurements at 5-min intervals on two separate days, using a Dinamap Compact BP
monitor (Critikon, Tampa, FL). BMI was based on height and weight assessment (kg/m?).
All procedures were approved by the UCSD Human Research Protections Program, and all
participants provided written informed consent.

2.2. Psychological distress assessment

Given prior evidence from humans and animal models supporting a link between

gut microbiome composition and host anxiety, depression, and stress, we generated a
psychological distress profile for each participant based on six valid and widely-studied
self-report assessments to capture anxiety, depressive, and stress-related symptoms. Each
participant’s measurements were then, converted to z-scores and averaged to create a unitary
distress score, from which participants were categorized into ‘high’ or ‘low’ distress groups
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(see section 2.5.1). Anxiety measures were derived from the state (STAI-S) and trait (STAI-
T) subscales of the 40-item State-Trait Anxiety Inventory (STAI) (Spielberger, 1983), as
well as the 9-item tension-anxiety POMS subscale (Poms-T). Depressive symptomatology
was assessed using the 21-item self-report Beck Depression Inventory (BDI-1a) (Beck and
Steer, 1993) and the 15-item depression subscale (POMS-D) of the Profile of Mood States
(POMS) (McNair et al., 1971). General psychological distress was appraised using the
10-item Perceived Stress Scale (PSS) (Cohen et al., 1983).

Plasma cytokines and in vitro response to LPS

Blood for plasma interleukin-6 (IL-6), interleukin-1p (IL-1B), and tumor necrosis factor-
alpha (TNF-a)) was drawn into EDTA-treated vacutainers and immediately placed on

ice until centrifugation. These three cytokines have been shown to be associated with
psychological states such as stress and depression (Rohleder, 2014) as well as psychological
manipulations such as acute laboratory stress tests (Marsland et al., 2017). Plasma was
stored at —80C until assays were performed. Plasma cytokines were assessed using
commercially available multiplex immunoassay kits (MesoScale Discovery, Gaithersburg,
MD). The intra- and inter-assay coefficients of variation were 8.5% and 7.8% for 1L-6,
8.4% and 6.0% for IL-1pB, and 6.8% and 6.4% for TNF-a, respectively. For IL-1p, 15 of 66
sample values fell below the manufacturer-supplied lowest calibration standard (0.1 pg/mL)
and thus imputed to a value of 0.0 pg/mL for downstream analyses.

In addition to basal plasma cytokine levels, the /n vitro inflammatory response to
endotoxin was assessed in peripheral blood monocytes to achieve comprehensive profiling
of host’s inflammatory system. Briefly, heparinized blood (300uL) was combined with
lipopolysaccharide (LPS; 200 pg/mL) (E.coli 0111:B4, #1.4391, Sigma-Aldrich, St. Louis,
MO) and incubated with 10ug/mL Brefeldin A (#B6751, Sigma-Aldrich) for 3.5 hrs at 37C
with 5% CO2 in 96-well plates, along with a non-LPS-treated sample. Cells were surface
stained using anti-CD14/APC (#301808, BioLegend, San Diego, CA) and anti-HLA-DR/PE
(#307605, BioLegend), and intracellularly stained post-permeabilization and fixation using
anti-TNFa/FITC (#502906, BioLegend). The proportion of CD14*/diMH| A-DR* cells that
were TNF-a* was determined using FlowJo software (v10, TreeStar, Ashland, OR), and
used for analysis (Dimitrov et al., 2017; Kohn et al., 2019).

2.4, Saliva collection and sequencing

Participants were provided with saliva collection kits with written instructions (“Salivettes”,
Sarstedt, #51.1534, Numbrecht, Germany), and were instructed to saturate the provided
cotton roll with saliva by rolling it inside the mouth before placing the roll back into the
tube. Participants were cautioned not to handle the cotton roll with hands but to place

the roll in the mouth directly from and back into the salivette tube. The procedure was
repeated at five time points across a single day: waking, mid-morning (10:00 hrs), midday
(12:00 hrs), afternoon (14:00 hrs), and evening (17:00 hr). Notably, all waking samples were
collected prior to ingestion of food or drink, and prior to tooth brushing or other oral hygiene
behaviors. In addition, participants were instructed to not consume food or drinks other than
plain water for at least 30 min and to rinse their mouth with water prior to collection at

all other time points. Saliva samples were refrigerated until participants returned samples
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in-person at their next laboratory visit generally in 3 — 7 days. Returned salivette tubes were
centrifuged at 1,000 x g for 2 minutes for saliva collection, and recovered saliva was frozen
at —80°C until DNA extraction.

DNA extraction, amplification, and sequencing were performed as follows. Frozen samples
were thawed and transferred into 96-well plates containing garnet beads and extracted

using the Qiagen PowerSoil DNA kit adapted for magnetic bead purification as previously
described (Marotz et al., 2017). DNA was eluted in 100 uL Qiagen elution buffer. 16S rRNA
gene amplification was performed according to the Earth Microbiome Project protocol
(Thompson et al., 2017). Briefly, lllumina primers with unique reverse primer barcodes
(Caporaso et al., 2012) were used to target the V4 region of the 16S rRNA gene (Walters

et al., 2016). Amplicons were quantified by PicoGreen™ and 240 ng of each sample was
pooled for sequencing. The pooled library was sequenced on the lllumina MiSeq sequencing
platform with a MiSeq Reagent Kit v2 and paired-end 150 bp cycles. Raw data and
associated feature tables are publicly available in Qiita (giita.ucsd.edu) (Gonzalez et al.,
2018) as study ID 11259.

2.5. Bioinformatics and statistical analyses

Sequence data were processed using QIIME?2 (Rideout et al., 2018) (v.2018.4). Raw
sequencing results were demultiplexed and microbial ASVs (Amplicon Sequence Variants)
were identified using the Deblur algorithm (Amir et al., 2017). Taxonomic annotation was
performed using QIIME?2 feature-classifier plugin using a naive-Bayes approach with a
pre-fit classifier (Bokulich et al., 2018). Mitochondrial and chloroplast-derived sequences
were filtered out based on taxonomic annotation. The output feature table contained an
average of 19,911 + 9,687 16S rRNA sequences per sample and 2,231 unique features in
total. Sequences were queried against the Expanded Human Oral Microbiome Database
(eHOMD; version 15.1), which identified 485 unique taxa in the present dataset with >99%
identity to the reference database. For downstream analyses, samples from participants
without psychological and inflammation data were omitted (N=14 samples dropped), and
low abundance features with fewer than 10 reads across the entire experiment (N=89
features) were filtered out. All samples were rarefied to a depth of 3,200 reads based on
visual inspection of alpha rarefaction curves (N=22 samples dropped due to insufficient
reads) for analysis of community structure, yielding a final dataset containing 284 samples
(87.9% of all samples) and 2,007 unique features (90.0% of original feature set).

Microbial community structure was characterized using measures of alpha- and beta-
diversity. Alpha-diversity represents the number and distribution of taxa within each sample,
and included the number of observed features (i.e. species richness), Shannon diversity
index (i.e., species evenness), and Faith’s Phylogenetic Diversity, which measures the total
length of branches in a reference phylogenetic tree for all species in a given sample. Beta-
diversity, which reflects differences in taxonomic composition based upon either presence-
absence or quantitative abundance data, was calculated using Bray-Curtis dissimilarity and
weighted UniFrac, respectively. Output matrices were ordinated using principal coordinates
analysis (PCoA) and visualized in Emperor (Vazquez-Baeza et al., 2013).
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2.5.1. Data analysis—Statistical analyses were conducted using R (v.3.5.1). Descriptive
data are presented as meanSD. Missing psychological (<1.0% missing) and immune

data (4.3% missing) were imputed using an iterative algorithm based on minimizing

mean squared error (Josse and Husson, 2016). In order to generate equivalently-sized,
heterogeneous groups based on psychological and immune characteristics, all six
psychological measures and all four immune measures were converted to z-scores, as
aforementioned and separately averaged for each participant. Thus, each participant had a
single composite z-score for psychological measures, whereby higher values indicate greater
distress, and a single composite z-score for immune measures, whereby higher values
indicate greater inflammation. Participants were assigned as either high or low distress (34
subjects per group), and either high or low inflammation (33 subjects per group), based on

a median split of study-wide composite z-scores. Assignments were used as predictors of
microbial composition.

To assess the temporal dynamics of alpha diversity as a function of host distress and
inflammatory status, each alpha diversity metric was regressed on time of day and its
interaction with distress and inflammation category using a single linear mixed-effects
model (LMM) fit using restricted maximum likelihood (REML) with a random-intercept by
participant to account for repeated measurement. Time of day was included as a categorical,
rather than continuous factor, to model temporal trends non-linearly. Age, sex, BMI, and
race were included as covariates. Statistical significance of predictors of alpha-diversity was
determined by type-11 analysis of variance (ANOVA) Wald F-tests using the carpackage
(Fox and Weisberg, 2011), which applies Kenward-Roger denominator degrees of freedom
approximation and controls Type | error (Luke, 2017). Model residuals were visually
inspected for normality using quantile-quantile plots, and influence statistics (e.g., df-beta,
Cook’s distance) were computed to identify observations with exceedingly high leverage.
Time-by-distress and time-by-inflammation group interaction contrasts were assessed for
significance by Tukey-adjusted t-ratios of estimated marginal means using /smeans (Lenth,
2016). Statistical significance of temporal dynamics of beta-diversity distances between
groups was assessed using PERMANOVA with 999 permutations constrained by participant,
and between-group differences in within-group dispersion were assessed using PERMDISP2
with the same constraints, implemented in vegan (Oksanen, 2017). Pairwise posthoc tests
were conducted to test for time-dependent differences in beta-diversity relative to waking
samples using pairwiseAdonis.

In order to enhance the reliability of the relative abundance findings, the Songbird method
(Morton et al., 2019) was used to calculate the differential ranking (DR) of taxa and
pathways (see below) that were associated with distress and inflammation, as well as those
that were time-varying relative to the data from the waking time point. Songbird computes
relative differentials using count-based multinomial regression. Relative differential ranks
were computed for each taxa for time of day, psychological distress, and inflammation.
Age, sex, and BMI were entered as covariates. Log-ratios for time-varying effects were
established by selecting as numerator the top 20-ranked taxa for each time point relative to
waking (i.e., strongest positive association with time), and selecting as the reference frame
(denominator), the bottom-20 ranked taxa (i.e., strongest negative association with time).
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For distress and inflammation effects, log-ratios were computed by selecting as numerator
the 40 top-ranked taxa, and as denominator the 40 bottom-ranked taxa. Statistical tests
were performed by regressing the computed log-ratios (3 separate LMMSs) on time of day,
distress, and inflammation z-scores, adjusted for age, sex, BMI, and race, with subject as
random intercept.

Machine learning preparation and analyses were conducted using calour (Xu et al.,

2019). Two separate Random Forest classification models based on microbiome data

and demographic information were constructed to predict high- versus low- distress and
inflammation profiles. In all cases, age, sex, BMI, and race were one-hot encoded as
features. Normalized microbiome counts were used as remaining features. In each case,

a minimum of 1,000 reads per sample was used as a cut-off and per-sample data was
normalized to 100,000 counts. Then, features were filtered by abundance to include features
with at least 1,000 counts across all samples (at least 1% prevalence). For both models,

all available time points were used, but time point information was one hot encoded as an
additional feature. All data were CLR transformed prior to training. Grid search sampling
was employed for each model to find optimal model parameters. Due to a limited number
of samples, 5-fold stratified cross-validation was performed, and a separate test set was not
constructed.

Metagenomic pathways were predicted from 16S rRNA sequence data rarefied to 3,200
reads using the PICRUSt2 (Langille et al., 2013) package in QIIME2. Relative abundance of
pathway features was used in LMMs for alpha diversity analysis (e.g., richness and Shannon
index), and PERMANOVA for beta diversity analysis (e.g., Bray-Curtis), as described above
in feature-level analyses. Differential relative pathway abundances were also computed
using Songbird for the 384 unique pathways that passed prevalence filtration. The top- and
bottom-15 differentially ranked pathways for associations with distress and inflammation
scores were used in downstream analyses, and a similar approach as performed above for
taxa was applied for time-varying pathways. Pathway parent class ontologies were derived
from the MetaCyc database (version 23.1) (Caspi et al., 2016) and data visualization was
performed in R.

Jupyter notebooks reproducing the analyses are deposited on GitHub (https://github.com/
knightlab-analyses/oral-microbiome-hong), and differentials tables from the Songbird
analyses are provided as Supplemental Tables.

3. Results

3.1.

Psychological and inflammatory characteristics of participants

Psychological characteristics and immune biomarkers for groups are presented in Table

1. As expected, symptoms related to depressed mood, stress, and anxiety were moderately-
to-strongly correlated between each other across all subjects (Spearman’s p: range=0.40—
0.78; Fig. 1). Similarly, inflammation measures were positively correlated between each
other, though somewhat less strongly (p: range=0.16-0.57). Univariate correlations between
psychological and inflammatory measures were weak (p: range=-0.37-0.16) and somewhat
unexpectedly, tended to be negatively correlated in our sample (mean p=—0.12+0.03).
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Therefore, of the 33 participants with the highest inflammatory measurements based on

a median split of averaged z-scores (i.e., HI: high inflammation), 20 (61%) were among the
bottom half of psychological distress scores based on median split (i.e., LD: low distress)
(Fig. 1). The HI group had larger BMI than the low inflammation (LI) group (X?=4.56,
p=0.03), as expected, but fewer depressive symptoms (POMS-D: X2=8.84, p=0.003). The
high distress (HD) group was over-represented by women (70%, X2=10.2, p=0.001). No
other group differences were observed according to age, sex, BMI, or race (Table 1).

Microbial community structure

Alpha-diversity analysis of multinomial models adjusted for age, sex, BMI and race
indicated that across the sampling day, from waking to evening (19:00 hr), evenness and
phylogenetic diversity were generally unchanged (Table S1), though community richness
tended to decrease (F=1.98, p=0.098).

Comparing high- and low-distress groups, HD individuals had greater alpha diversity, as
measured by richness (t=2.79, p=0.007), evenness (t=2.16, p=0.034), and phylogenetic
diversity (t=2.29, p=0.025), compared to LD individuals (Fig. S1). Despite increased overall
diversity in the HD group, their time-specific community structure tended to vary less
throughout the day (Faith’s: Fiime*distress=2-31, p=0.058). More specifically, phylogenetic
diversity in HD individuals was essentially unchanged between waking and evening samples
(Faith’s: 13.3+£0.6 to 13.6+0.6; t=0.52, p=0.99), but was significantly reduced from waking
to evening in LD individuals (13.1 +£0.6 to 11.0+0.6; t=—3.38, p=0.008).

Comparing high- and low-inflammation groups, alpha diversity did not differ by
inflammation status (all p>0.05). Comparing other sociodemographic variables between
groups, larger BMI was associated with greater phylogenetic diversity (F=4.60, p=0.036)
and somewhat greater richness (F=3.71, p=0.059; Table S1).

Beta-diversity analysis indicated significant community-level separation as a function of
time of day according to weighted UniFrac (wUF: pseudo-F=2.36, p=0.001) and Bray-Curtis
(BC) dissimilarity (pseudo-F=1.35, p=0.013) metrics (Fig. S2). Pairwise contrasts revealed
that waking samples were most distinct from other timepoints, and in fact, waking samples
significantly differed from all other time points according to wUF, while no other contrasts
were significantly significant (all FDR-corrected p<0.05; Table S4). While there were no
significant time-by-distress or time-by-inflammation interactions, suggesting that temporal
community dynamics did not differ by host distress or inflammation status, HD and LD
groups differed significantly by wUF (pseudo-F=3.55, p=0.008) and BC (pseudo-F=3.34,
p=0.001). HD individuals also clustered more tightly than LD individuals, who were
dispersed more widely across the PCoA space (within-group distance comparison; wUF:
p=0.007; BC: p=0.003), indicating greater homogeneity in microbial community structure
among HD individuals. Inflammation groups also exhibited community-level separation
according to the BC metric (pseudo-F=2.27, p=0.003), but not wUF (pseudo-F=1.55,
p=0.11), and were not differentially dispersed (within-group distance comparison; BC:
p=0.05; wUF: p=0.24). Across groups, significant beta-diversity differences were also
observed by age and sex, but not BMI or race, according to wUF (Table S2).
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3.3. Differentially ranked taxonomic features

A differential ranking (DR) procedure was used to identify taxa that were most

strongly associated with psychological distress and host inflammation (Morton et al.,
2019), and ratio-based analyses were performed on the top- and bottom-40 ranked

taxa for each host factor. LMMs indicated significant relative differences between top

and bottom-ranked taxa associated with host distress (Bsig=0.58, 95% ClI: [0.42, 0.75]),

and host inflammation (Bstg=0.67, 95% CI: [0.50, 0.84]). Top-ranked taxa that were
positively associated with host distress included Leptotrichia, Bacteroidetes, Selenomonas,
and Haemophilus, while bottom-ranked, negatively associated taxa were predominately

of the Prevotella genus. Taxa that were positively associated with host inflammation
included Leptotrichia, Capnocytophaga, Treponema, and Bacteroidetes, whereas negatively
associated taxa included Aggregatibacter, Bifidobacterium, Prevotella, and Veillonella. Of
these 131 unique taxa, 29 (22%) were top- or bottom-40 ranked by both distress and
inflammation, and included features from Leptotrichia and Bacteroidetes genera (Table S5),
and 16 taxa shared the same directionality of association.

Surprisingly, log-ratios of the 90 unique time-varying taxa were also associated with

host inflammatory status (Bsg=0.18, 95% CI: [0.00, 0.35]), but not psychological distress
(Bstg=—0.01, 95% CI: [-0.15, 0.18]), suggesting that taxa with increased relative abundance
throughout the day relative to waking were associated with greater host inflammation,

but not with distress. Neither age nor BMI were associated with DR taxa, based on the
magnitude of their differential rankings relative to time point, distress, or inflammation;
though, there was evidence of DR taxa by host sex (Table S5).

Ranked differentials of taxa were largely directionally consistent across time (Fig. 2). For
instance, of the top- and bottom-20 ranked taxa at each time point relative to waking

(160 total; 90 unique taxa), 44 taxa were highly ranked at 2 or more time points in the

same direction, whereas none were highly ranked in the opposite direction (Table S5). Ratio-
based analysis revealed that these 90 unique taxa (37 positively associated, 53 negatively
associated) were significantly different from waking samples across time, relative to each
other (10:00 hr: Bgg=0.27, 95% CI: [0.13, 0.40]; 12:00 hr: Bstq=0.23 [0.10, 0.37]; 16:00 hr:
Bstg=0.25 [0.11, 0.38]; 19:00 hr: Bstg=0.30 [0.16, 0.43]). These results corroborate evidence
for a diurnal pattern in salivary microbial composition across time. As a whole, Prevotella,
Bacertoides, and Nefsseriawere most strongly associated with waking samples, whereas
Ruminococcaceae, Veillonellaceae, and Sphingomonas were associated with later timepoints

(Fig. 2).

3.4. Predictive group classification

Two separate random forest models were implemented to determine whether samples could
be accurately predicted as originating from participants with either high or low distress

or inflammation based on relative microbial abundances alone. The models were able to
classify individuals into distress and inflammation groups with 73.7% (AUC: 0.81) and
87.6% (AUC: 0.90) accuracy, respectively (Fig. 3). Examination of the features that were
most informative for each prediction model (feature importance > 0.01) revealed seven
ASVs from the distress model and five ASVs from the inflammation model. Within the
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distress classifier, three features were from the Sphingomonadaceae family, in addition to
taxa from Prevotella, Neisseria, Streptococcus, and Caulobacter genera. The inflammation
classifier contained two features of the Sphingomonadaceae family, as well as Prevotella,
Caulobacter, and Staphylococcus. Of these key features, 3 were shared between the two
classifiers: 2 from the Sphingobium genus and one from Caulobacter (Fig. 3). However,
these features were not enriched within taxa identified as highly-ranked by DR analysis
(Section 3.3) (only 1 of 7 in distress, and 1 of 5 in inflammation classifier).

Predictive metagenomic profile diversity

In order to determine whether functional pathways detectable in the salivary microbiome
differed as a function of time-of-day or host profiles, we used PICRUSt2 (Langille et al.,
2013) to extract abundance data of 384 unique pathways from our 16S rRNA data. LMMs
of alpha diversity metrics indicated that functional pathway diversity did not fluctuate
across the day (all p>0.05). However, pathways themselves shifted and were somewhat
dynamic throughout the day (Fig. 2), with increasingly ranked LPS biosynthesis and
decreased ranking of methanogenesis. Individuals in the HD group had greater pathway
evenness across the day (Shannon=5.35+0.01; F=4.67, p=0.035) compared to the LD
group (Shannon=5.31 +0.01), consistent with the community structure results (Section 3.2)
indicating higher alpha diversity in HD versus LD individuals (Fig. S3). Notably, distress
scores were associated with more highly-ranked steroid and tryptophan degradation, and
bottom-ranked tryptophan biosynthesis (Table S6).

Time-dependent changes in alpha diversity also differed as a function of inflammation
profile (Ftime*infiammation=2-97, p=0.02), whereby richness had declined in the high
inflammation group at 16:00 relative to other time points (Observed: 16:00 hr=308+4.6
versus 10:00 hr=330+4.5, t=3.58, p=0.004; 12:00 hr=327+4.6, t=3.07, p=0.02; 19:00
hr=325+4.5, t=2.90, p=0.03), but this mid-day difference was not observed in low-
inflammation individuals (p>0.05, all contrasts). Host inflammation was also associated
with bottom-ranked steroid and tryptophan degradation pathways, and highly-ranked LPS
biosynthesis (Table S6). Notably, of the 12 top-ranked pathways shared between distress
and inflammation sets, all had opposing relationships with each host factor (e.g., positive
association with inflammation, negative with distress).

Larger BMI was associated with lower pathway richness (F=5.37, p=0.024) and evenness
(F=5.79, p=0.02), but no effects were observed for age, sex, or race. Beta diversity analysis
indicated pathway-level separation as a function of distress group (BC: F=3.23, p=0.008),
but not inflammation group (F=1.74, p=0.12). Time-by-distress or time-by-inflammation
interactions were not significant, though across groups, beta diversity differences were
observed by age, sex, and BMI (Table S3). Larger BMI was associated with lower pathway
richness (F=5.37, p=0.024) and evenness (F=5.79, p=0.02), but no effects were observed for
age, sex, or race.

4. Discussion

In this study, we identified differences in overall composition and diurnal patterns of
relative microbial abundance and functional pathways in the salivary microbiome as a
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function of psychological distress and inflammatory profiles in healthy adults. To our
knowledge, this study provides the first evidence that psychological distress and affect

in a non-clinical population is associated with greater microbial diversity in saliva, and
with specific microbial taxa and functional pathways, and that proinflammatory cytokine
levels in the periphery are associated with salivary microbial composition. Importantly,
these differences were only slightly attenuated when adjusted for key demographic factors,
specifically age, sex, race, and BMI. Although measures of inflammation and distress were
largely unrelated in our sample of healthy adults, our classification was able to differentiate
individuals of (i) high-inflammation from low-inflammation, and (ii) high-distress from
low-distress by their oral microbial community with high predictability such that at the
ASV level, individuals were classified as either high or low inflammation, or either high or
low distress with 88% and 74% accuracy, respectively. The most important features were
derived from the Sphingomonadaceae family, but also included taxa such as Streptococcus
and Staphylococcus, which may have pathogenic potential, but these features were not
specifically enriched for within highly ranked taxa for host distress or inflammation
according to DR analysis. This analysis also identified taxa that were positively and
negatively associated with host distress and inflammation, and those that were associated
with both factors, which included Leptotrichiaand Bacteroidetes.

Our findings of higher alpha diversity among individuals with greater distress are
unexpected based on the existing gut microbiome diversity findings. Meanwhile, unlike

the gut microbiome findings, where greater alpha diversity tends to be associated with better
psychological and somatic health, lower alpha diversity in the salivary microbiome may in
fact be associated with better oral health (Abusleme et al., 2013; Chen et al., 2018; Takeshita
et al., 2016). Our findings offer additional insight into potentially divergent organ-specific
microbiome diversity in relation to health, and further investigation is warranted. Our
findings are in line with the previous studies of the associations between oral microbiome
diversity and neuropsychiatric conditions, specifically Parkinson’s Disease (Pereira et al.,
2017), schizophrenia (Castro-Nallar et al., 2015; Yolken et al., 2015), and autism spectrum
disorders (Hicks et al., 2018), reporting significant microbial community differences (i.e.,
beta diversity) between clinical and non-clinical subjects. In contrast, these reports did not
find significant differences in alpha diversity. Furthermore, the circadian variation in salivary
microbiome in relation to psychiatric conditions remained unknown based on previous
studies.

Notably, our analyses included multiple saliva samples per individual across a single

day, which provide further evidence for diurnal changes in the salivary microbiome and
their relationship to the host. Our analyses revealed that phylogenetic diversity decreased
from morning to evening in low-distress individuals, but not in the high-distress group,
which to our knowledge is the first report that diurnal features of the oral microbiome
differ by host psychological status. Chronic psychological distress is associated with other
circadian markers such as blunted diurnal cortisol (Adam et al., 2017) and proinflammatory
cytokine rhythms (Reinhardt et al., 2019) in saliva, and represent possible mechanisms

by which psychological factors affect the oral microbiome. In support of this hypothesis,
brief in vitro treatment of dental plaques with exogenous cortisol has been shown to
acutely shift their transcriptome toward increased Leptotrichia abundance, virulence factor
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production, and pathways associated with periodontal disease (Duran-Pinedo et al., 2018).
We found that, collectively, the Leptotrichiataxa present in our sample were generally
higher-ranked in association with distress (21 of 31 unique Lepiotrichia) and represented

5 of the top-20 ranked taxa, but whether elevated endogenous glucocorticoids upregulate
microbes or their metabolic function within the oral environment /in vivo is unknown. /n
vivo studies also indicate that chronic, systemic glucocorticoid infusion, which mimics HPA
axis dysregulation, profoundly shifts commensal gut bacteria, particularly toward increased
Actinobacteria abundance (Huang et al., 2015), and that oral prebiotics can attenuate the
salivary cortisol awakening response (Schmidt et al., 2015) by affecting gut microbial
proliferation. Interestingly, steroid degradation was one of the top-ranked distress-associated
pathways in our analysis. Others have described the role of gut microbes in endogenous
corticosteroid metabolism and subsequent effects on host physiology, such as blood pressure
(Morris and Brem, 2019). Lastly, salivary flow rate is also associated with chronic distress
(Bulthuis et al., 2018) and may impact the oral microbiome (Proctor et al., 2018).

Importantly, waking samples alone were insufficient to identify host factor-associated
differences in taxa DR or microbial diversity (visually represented in Fig. S1, wherein group
differences only emerge across the sampling day), highlighting the benefits of repeated
measurement of the oral microbiome as a biomarker of host psychological distress or
peripheral inflammatory status.

Although we found blunted microbial oscillations in high-distress individuals, diurnal
variation in functional pathway diversity was in fact present in the high-inflammation group,
but not low-inflammation group (Morris and Brem, 2019). This result is unlikely to have
resulted from overlapping group membership between low-distress and high-inflammation
individuals, and distress group membership was included as a predictor in all models.

One possibility is that higher peripheral levels of proinflammatory cytokines are reflected
in larger diurnal cytokine variation, which has been reported for plasma IL-6 in arthritis
patients (Cutolo et al., 2008), but not in post-traumatic stress (Agorastos et al., 2019).
Whether peripheral and salivary cytokine levels are well-correlated also remains unclear.
However, gut microbial composition has been linked to ex vivo pathogen-stimulated
inflammatory cytokine production (Schirmer et al., 2016) via immunomodulatory bacterial
metabolites, such as tryptophan. The reverse mechanism is also likely: that host cytokines
modulate bacterial virulence (Mahdavi et al., 2013) and proliferation (Lee et al., 2003),
though these host-microbe interactions are unexplored in the context of commensal and
pathogenic bacteria of the oral microbiome.

In addition to host-microbiome interactions occurring within the mouth, the oral cavity
may serve as an important bacterial source for the gut-brain axis. The oral environment
may shed 3-4 x 108 bacterial cells per minute to the stomach (lorgulescu, 2009; Sender

et al., 2016), and although fecal and oral microbial compositions are dramatically distinct
(Caporaso et al., 2011) oral bacteria were found to be enriched in the feces of patients with
various diseases, suggesting that the oral microbiome serves as a reservoir of opportunistic
colonizers should the gut microbiome become dysbiotic (Lira-Junior and Bostrom, 2018).
Recent work by Atarashi et al. demonstrated that strains of K/ebsiellafrom the salivary
microbiome ectopically colonize the gut and induce chronic intestinal Tyl cell-mediated
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inflammation (Atarashi et al., 2017). The gut microbiome has also been implicated in
periodontal diseases (Lourengo et al., 2018), which tend to be more prevalent in depression
and anxiety disorders (Kisely et al., 2016), and in neurodegenerative diseases, such

as Alzheimer’s dementia (ap) (Kamer et al., 2015), suggesting that oral microbes may

affect the gut-brain axis by “seeding” the gut microbiome. An alternative mechanism

by which the oral microbiome can affect host immunity was recently demonstrated

through transmigration of pathogenic oral microbes into the bloodstream and brain, thereby
potentiating neuroinflammation and AD-associated neuropathology (Dominy et al., 2019) in
older adults.

Limitations and Strengths

We note following limitations in the current study and future considerations. First, meal
timing and composition, which are known to impact salivary microbial rhythmicity (Collado
et al., 2018), were not recorded for this study. It is therefore possible that unknown
differences in meal timing or feeding behaviors between groups mediated some of the
observed effects, or conversely obscured true effects of host profiles. Consistent with prior
findings of increased relative abundance of Actinomyces relative to Haemophilus taxa
(Morton et al., 2019), we observed similar changes at 10:00 hr compared to waking in

our samples (Bstg=0.11, 95% CI: [0.01, 0.22]), suggesting that time-dependent changes our
sample were related in part to oral hygiene behaviors. Future replications should capture
this information to allow for these factors to be included in modeling the observed changes.
Second, while chronic distress and depressed mood can be associated with poorer oral
hygiene and are risk factors for periodontal disease (Benatti et al., 2007), the specific oral
and periodontal health history of our participants was not known. Thus, distress-related
differences we identified in diversity, taxa, and pathways may reflect underlying periodontal
disease, rather than other sequelae of distress-related physiology. Future investigations of
oral microbiome should aim to characterize the relationship between psychological distress
as well as periodontal health, salivary neuroendocrine factors, metabolites, and flow rate

to the oral microbiome. Third, while our saliva sampling method (using a cotton roll)
performs similarly to another widely used sampling method (i.e., passive drool) for host
DNA collection (Koni et al., 2011), its performance for microbial DNA collection has

not been formally assessed. However, others have found that a 1 min saline “oral rinse”
procedure for collection yielded greater microbial alpha-diversity than drool or spit methods
(Lim et al., 2017), which reflects the complexity of methodological impacts and differing
microbial community dependent upon sample types. Though, the degree to which the
microbial ‘snapshot’ provided with our Salivette method is similar to or different from other
sampling procedures is unknown, and its exploration is warranted. Fourth, weak associations
between psychological distress and inflammation scores within our sample were somewhat
unexpected, but may reflect the sub-syndromal status of the population studied. Lastly,

a consideration should be given to the physiological implications of the link between a
systemic inflammatory profile and oral microbiome for which current knowledge is limited.
Some salivary inflammatory biomarker levels, such as IL-6, undergo a diurnal rhythm in
healthy adults (I1zawa et al., 2013) but exhibit a blunted pattern in night shift workers
(Reinhardt et al., 2019), a chronic psychosocial stressor that disrupts circadian biology.
However, whether salivary cytokines accurately reflect peripheral (i.e., plasma, serum) levels
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is unclear. Future investigations should test for simultaneous associations between diurnal
patterns of salivary and systemic markers of inflammation and their relationship to the oral
microbiome.

Despite these limitations, the present study possesses several strengths. Firstly, our findings
add novel knowledge of salivary microbial community, diversity, and diurnal variations in
association with psychological and inflammatory profile to the current paucity of literature.
Second, no current cigarette smokers or tobacco users were included in the analysis.
Smoking is a significant driver of oral microbiome composition (Belstrgm et al., 2014),

is more prevalent in psychologically distressed individuals (Cook et al., 2014), and is
associated with higher proinflammatory biomarker levels in peripheral blood (Levitzky et
al., 2008). Thus, host-related microbiome compositional differences in our study are not
attributable to smoking behavior, nor can they be quantified relative to the size of the effect
of smoking. Lastly, by testing proinflammatory cytokine levels in the periphery, we were
able to evaluate whether the salivary microbiome, an easily accessible, on-demand biological
substrate, is associated with a valid biomarker of systemic immune status, which is known to
influence the brain and behavior. These findings lay the groundwork for future investigations
in further elucidating the role of host psychological status and circadian neuroendocrinology
and immunology in oral microbiome composition and vice versa. The oral microbiome
holds promise as a biomarker of high accessibility and utility for host health and disease and
as a possible therapeutic target to mitigate the morbidity of psychiatric and immunological
conditions.
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(left) Spearman correlation matrix. Values reflect Spearman’s rank correlation coefficients
between standardized (z-score) scores on psychological distress measures and inflammatory
biomarkers across all study participants. (right) Heat map illustrating subject-wise mean
distress and inflammation z-scores. Each horizontal bar represents an individual subject.
The vertical bars on the left indicates z-score-based groupings. Abbreviations: BDI = Beck
Depression Inventory-11 total score; STAI-S = State anxiety inventory total score; STAI-T =
Trait anxiety inventory total score; POMS-D = Profile of Mood States depressive subscale;
POMS-T = Profile of Mood States tension subscale; PSS = Perceived Distress Scale total
score; TNF = plasma tumor necrosis factor alpha; IL-1b = plasma interleukin-1b; IL-6 =
plasma interleukin-6; % TNF + Monos = % TNF* monocytes 3.5hr post-lipopolysaccharide
stimulation; HI = high inflammation; LI = low inflammation, based on median split of
sample-wide inflammation z-scores.
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Fig. 2.

Centered log-ratios (CLR) of top-ranked taxonomic features (left) and metabolic pathways
(right) derived from two multinomial regression models (e.g., one taxonomic feature-based
model, one pathway-based model) of differentially ranked (DR) relative abundances. (Top
row) Mean CLRs for all time-associated features (90 unique of 485 in feature set) and top-
and bottom-ranked pathways (59 unique of 384 in feature set), averaged and grouped by
genus or parent ontology, at each sampling time point relative to waking. Number of unique
features per genus or pathway shown on right side of plot. (Middle and bottom rows) Mean
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CLRs for 15 top- and bottom-DR taxa and pathways by distress (middle) and inflammation
(bottom) scores, grouped by genus or ontology. Genera or pathways containing more than
1 unique feature are shown as stacked bars. Age, sex, BMI, and race were included as
covariates in all models. Parent pathway ontologies were derived from MetaCyc v23.1.
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Fig. 3.

Confusion matrices (left) and receiver operating characteristic (ROC) curves (right) derived
from 2 random forest (RF) classification models: (top) 2-way inflammation classification
(high versus low), (middle) 2-way distress classification (high versus low). Age, sex, BMI,
and race were one hot encoded as features in all models. Filtered (> 1% prevalence),
normalized (100,000 counts) microbiome counts sampled at all five time points were

used, with time point information encoded as an additional feature. All data were CLR
transformed prior to training, and grid search sampling employed for each model to optimize
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parameters. Five-fold stratified cross-validation was performed without test set construction.
(Bottom) Table and venn diagram of amplicon sequence variants (ASVs) with feature
importance > 0.01 from both RF classifiers. Area under the curve (AUC) values shown in
ROC curve legend.
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Demographic, psychological, and inflammatory characteristics of study participants.

Table 1

Variable Psychological Distress Inflammation

Low (N = 34) High (N=34) Low (N=33) High (N=33)
Age (yrs) 413+12 40.1+12 413+12 403+12
Sex (%female) 30 70 61 39
Race (%C/AA/AsN) 64/21/15 52/27/21 48/27/24 67/21/12
BM1 (kg/m?) 28.6+6.0 29.9+6.0 279+6.2 30.7+5.6
SBP (mmHg) 121+13.3 121+ 14.4 118=13.2 123+ 14.4
BDI 12+17 7.1+£58 54+6.1 31+38
STAI-S 23.2+41 35.0+9.6 30.0+10.0 28.3+9.2
STAI-T 259+6.2 37.9+89 32.3+9.8 30999
POMS-D 0.76 +1.5 6.1+x41 52+78 1.7+40
POMS-T 40+22 8.6+4.8 72+49 55+3.7
PSS 70+38 17.1+£57 13.2+6.7 11.2+£73
Plasma TNF 6.7+4.3 54+4.4 3219 8.8+43
Plasma IL-1B* 0.55+0.5 0.49+0.7 0.17+0.2 0.86 £ 0.6
Plasma IL-6 12+16 16+26 0.64+0.5 21+28
TNF* monocytes (%) 50.9 + 16.3 58.7+15.8 443+97 64.9+155
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Values presented as mean + SD. Bold indicates p < 0.05, uncorrected. ~-values derived from Mann-Whitney or chi-squared tests on raw values for
between-group differences (i.e., low versus high distress, low versus high inflammation). Abbreviations: C = Caucasian: AA = African-American:
Asn = Asian-American; BMI = body mass index; BDI = Beck Depression inventory-11 total score; STAI-S = State anxiety inventory total score;
STAI-T = Trait anxiety inventory total score; POMS-D = Profile of Mood States depressive subscale; POMS-T = Profile of Mood States tension

subscale; PSS = Perceived Distress Scale total score; TNF = tumor necrosis factor alpha; IL-1p = Interleukin-1p: 1L-6 = Interleukin-6; TNFF

monocytes = %TNF' monocytes 3.5hr post-lipopolysaccharide stimulation. +IL-1B levels (15 of 66 total samples) below the lowest manufacturer

standard (0.1 pg/mL) were imputed as 0.0 pg/mL.
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