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ABSTRACT: Aging-induced taste sensitivity decline, recognized as a world-wide health issue, has shown
considerable modulatory effects on the oral microbiome that serves as an etiological driver for multiple
dysbiosis-associated diseases. However, the underlying ecological interactions remain poorly characterized.
Therefore, this study conducted oral metagenomic/metabolomic analysis for youth/elderly individuals with different
taste sensitivities. Results showed that elevated fatty acid levels in elderly samples with low taste sensitivity drove a
metabolic adaptation of the oral microbiome that the substrate preference of energy metabolism altered from
monosaccharides to fatty acids, which resulted in the remodelling of the oral microbiome composition. In addition, the
up-regulation of Prevotella species engaging in active quorum sensing interactions with other oral bacteria in elderly
samples was found to affect oral microbiome remodelling. Furthermore, community-level metabolic modeling and
synthetic co-culture experiments revealed and validated that interspecies nutrient feeding contributed to the oral
microbiome remodelling. Collectively, these findings elucidated the modulatory effects of aging-induced taste
sensitivity decline on the oral microbiome by decoding the ecological Interactions of key oral bacteria and
metabolites, paving the way for developing viable strategies for oral microbiome rehabilitation.
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1. Introduction

With the rapid acceleration of global population aging, aging-induced health issues, especially
deterioration of sensory functions that substantially compromises life quality, have gained great attention [1].
As a representative aging-induced health issue, taste sensitivity decline has been considered as an influential
problem across different countries, which largely lowers the food hedonics and overall well-being of elderly
population [2]. It has been well recognized that taste sensitivity decline can change the dietary habits of elderly
people by leading them to choose strong-flavor foods, especially high-fat/sugar foods [3]. One direct impact of
such unhealthy dietary habits is the imbalance of the oral microbiome, also known as oral dysbiosis [4], which

can lead to obesity, diabetes, and many other metabolic issues [5—7]. Meanwhile, oral bacteria has also been
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found to affect taste sensitivity by altering the concentrations of tastants [8,9]. Briefly, there is a noteworthy
interplay between taste sensitivity changes and the oral microbiome that warrants further study.

To investigate the entangled relationship between taste sensitivity and oral microbiome, studies in recent
years have conducted taste sensitivity evaluation and metagenomic analysis to identify key bacteria associated
with taste thresholds [10]. For instance, Cattaneo et al., 2019 discovered that Actinomyces, Oribacterium,
Solobacterium, Catonella, and Campylobacter had significantly higher abundance levels in oral samples of
high taste sensitivity [8]; Licandro et al., 2023 found 109 bacterial species correlated with the sensitivity of at
least one taste in sweetness, sourness, bitterness, saltiness, and umami, and some species (e.g., Streptococcus
parasanguinis) correlated with multiple taste sensitivities [11]. However, those correlational studies are
inherently unable to unravel the functional roles of key oral bacteria and metabolites or to establish in-depth
mechanisms to explain the modulation of oral microbiomes associated with aging-induced taste sensitivity
decline.

Aiming to address the above knowledge gap and gain a mechanistic understanding of how aging-induced
taste sensitivity decline remodels the oral microbiome, this study adopted a multi-omics fusion analysis
workflow that integrated oral metagenomics and metabolomics of youth and elderly individuals in Fangshan
district, Beijing, China. This study hypothesized that oral metagenomics and metabolomics could elucidate
the ecological interactions of key oral bacteria and metabolites that lead to the oral microbiome remodelling
associated with aging-induced taste sensitivity decline. Apart from conventional differential abundance and
correlation analysis of oral bacteria and metabolites, this study analyzed functional pathway abundance and
quorum sensing (QS) activities of the oral microbiome, and constructed community-level metabolic models to
simulate interspecies metabolic interactions. Moreover, mono- and co-culture experiments were conducted to
validate observed and model-inferred ecological interactions of oral bacteria and metabolites. Overall, this
study attempted to decipher the functional roles and ecological interactions of key oral bacteria and

metabolites, and reveal how aging-induced taste sensitivity decline remodels the oral microbiome.

2. Materials and Methods
2.1 Taste sensitivity test across two age groups

20 individuals were recruited for taste sensitivity test in Aug-Sept 2024 and separated into two groups
based on ages: A group (n=10) for 20~30 years old and B group (n=10) for 55~80 years old (Figure 1).
Individuals of A group were recruited from Beijing Technology and Business University (Fangshan, Beijing,
China), and individuals of B group were recruited from communities in Fangshan District, Beijing, China.
Detailed information of all 20 participants was presented in Table S1 in Supplementary Materials. The
exclusion criteria were: smokers, pregnancy or lactation, using antibiotics or undergoing specific dental
treatments within the past three months. All 20 participants reported no oral or metabolic diseases and no
medication use. Each participant was asked not to eat or drink (allow water) for one hour before the

experiment. This study was conducted according to the Declaration of Helsinki and approved by the Scientific
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Research Ethics Committee of Beijing Technology and Business University (No. 2024-118 and No.
2024-119, approved on 15/04/2024). Informed consent was obtained from all participants.
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Figure 1. Multi-omics fusion analysis workflow of oral metagenomics and metabolomics. DAA: differential abundance
analysis; MAG: metagenome assembled genome; QS: quorum sensing; GEM: genome-scale metabolic model; SMETANA:
species metabolic interaction analysis.
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Sweetness was selected for the taste sensitivity test, as the decline in sweet taste sensitivity has been
identified as one of the most significant taste perception deteriorations in elderly population [12] and the
response to sweetness has been widely recognized to influence food hedonics, food choices, dietary
acceptability and overall well-being [13,14]. The sensitivity threshold test, according to ascending
three-alternative forced choice [15], was conducted to quantify sweet taste sensitivity of individuals of A and
B groups. A series of sucrose solutions with varying concentrations, prepared using pure water, served as
sweet stimuli. Sucrose concentration levels were determined based on the standards of ISO 3972 with minor
modifications [16] . The first sample was pure water, followed by sucrose solutions in ascending order of
concentration: from 2.59 g/L to 33.33 g/L for the B group with a geometric ratio of 0.6, and from 0.34 g/L to
12 g/L for the A group (R=0.6) with the addition of 0.14 g/L and 0.24 g/L concentrations. This concentration
range was designed to cover inter-individual differences in taste sensitivity, as well as to allow for sorting
expected individuals with heightened thresholds in the B group of old ages and lower thresholds in the A
group of young ages. A sample evaluation procedure was performed similarly to the reported work [17]. The
detection threshold (DT) and the recognition threshold (RT) were calculated as DT /RT = /C, X Cpyq, Cp
was the last not correctly identified concentration and C,,,; was the next higher correctly identified

concentration.
2.2 Metagenomic sequencing and analysis of the oral microbiome

Unstimulated saliva was collected with 5 mL sterile plastic tubes (Sugian Wuwang Trading Co., LTD,
Jiangsu, China), and stored at -80 °C. Genomic DNA was extracted by FastPure Stool DNA Isolation Kit
(Magnetic bead) (MJYH, Shanghai, China). After quality assessment with SynergyHTX and NanoDrop2000,
the DNA extract was fragmented to an average size of about 350 bp using Covaris M220 (Gene Company

Limited, China) for paired-end library construction. The paired-end library was constructed using
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NEXTFLEX Rapid DNA-Seq (Bioo Scientific, Austin, TX, USA). Paired-end sequencing was performed on
[llumina NovaSeq X Plus (Illumina Inc., San Diego, CA, USA) with PE150 reads length.

The raw reads of metagenomic sequencing were cleaned to remove human reads and keep only
high-quality reads with quality values higher than 38 and length longer than 350 bp. After the quality control
step, the cleaned reads were assembled by MEGAHIT [18] with default parameters. The species-level
taxonomic profile was computed using mOTUs profiler [19]. With the mOTUs database version 3.1.0, the
profiler identified species and computed relative genomic abundance levels with unassembled DNA reads.

MetaBAT2 [20], MaxBin2 [21] and CONCOCT [22] were used for phylogenetic binning. Binned
metagenome assembled genomes (MAGs) from three different tools were refined with the completeness and
contamination cutoffs of 90% and 10% using the refinement module in metaWRAP [23]. GTDB-Tk [24] was
used to classify the taxonomy of each refined MAG. Those MAGs’ genomic abundances in each sample were
computed by Salmon [25], which aligned and counted reads from each sample to estimate the abundance of
each contig.

Protein-coding genes were predicted for assembled genomes and binned MAGs by Prodigal [26].
Functional analysis of the metagenome was conducted using HUMAnNN-3.0 [27]. To annotate quorum sensing
(QS) proteins in MAGs, BLASTp [28] was used to compare 213 recognized QS proteins from SigMol and
Quorumpeps databases [29-31] with protein sequences of high-quality MAGs obtained in this study. For
parameters of BLASTp, the expectation value (e-value) was 1e-6 and the maximum target number was set as
5.

2.3 Reconstruction of genome-scale metabolic models based on MAGs

CarveMe [32] was used for automatic reconstruction of genome-scale metabolic models (GEMs) for
binned MAGs. The growth medium for gap-filling was anaerobic Luria—Bertani (LB) medium, as this study
assumed that the oral environment was nutrient-rich and had a relatively low oxygen level, in comparison to
other human body niches [33,34]. The universal bacterial template used for reconstruction, gram positive or
negative, was determined based on taxonomic classification (section 2.2). The community-level flux balance
analysis (FBA) using species metabolic interaction analysis (SMETANA) [35] was conducted to model
metabolic interactions in oral bacterial communities of two different age groups. In SMETANA, the species
coupling score (SCS) measures the dependency of a consumer species on a supplier species; the metabolite
uptake score (MUS) measures the uptake frequency of a metabolite for a species to grow; the metabolite
production score (MPS) is the ability of a species to produce a metabolite; and the SMETANA score is a
multiplicative product of SCS, MUS, and MPS [35].

2.4 Quantification of oral metabolomics
Non-targeted metabolomics analysis of saliva was conducted by high-performance liquid
chromatography-mass spectrometry (HPLC-MS). First, 100 uL of saliva sample was mixed with 200 uL. of

pre-cooled acetonitrile, followed by vortexing for 30 seconds and incubation at -20 °C for 30 minutes. The

sample was then centrifuged twice at 15000 r/min at 4 °C for 10 min, and the supernatant was collected for
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HPLC-MS. Quality control (QC) samples were prepared from saliva samples by pooling 10 uL aliquots from
each supernatant into a single tube. In the HPLC system (Exion LC, SCIEX, USA), separation was performed
using reversed phase chromatography with a Kinetex F5 column (2.1x150 mm, 2.6 um, Phenomenex, USA).
Mobile phase consisted of either water (A) or acetonitrile (B) both with 0.1% (v/v) formic acid. The elution
procedure was as follows: 0-2 min, 5% B; 2-8 min, 5%-75% B; 8-13 min, 75%-98% B; 13-17 min, 98% B.
The column temperature was 40 °C and the flow rate was 0.2 mL/min. In the MS system (X500R QTOF,
SCIEX, USA), the data was collected by electrospray ionization (ESI, Jet Stream) in positive and negative
polarity. The MS1 scan range was set to 60~1300 m/z, and information-dependent acquisition (IDA) was
used. The MS2 scan range was 40-1300 m/z with dynamic background subtraction (DBS) enabled.
Collision-induced dissociation was performed with a collision energy of 35+15 eV. The data was collected by
SCIEX OS software, and the metabolites were identified using MExplorer Ultimate software by querying
multiple databases, including HMDB [36], Metlin [37], MoNA [38], GNPS LipidBlast [39], and MS-DIAL
[40]. Peak areas of detected metabolites were normalized in each sample to quantify the relative abundance

levels. The origins of oral metabolites (e.g., host, microbiota) were classified by MetOrigin-2.0 [41].
2.5 Mono- and co-culture experiments of identified key oral bacteria

In the following result sections, differential abundance analysis of oral bacteria (section 3.1), interspecies
and species-metabolite correlation analysis (section 3.2), QS protein annotations (section 3.4), and metabolic
interactions inferred by community-level FBA (section 3.5) collectively identified Prevotella salivae,
Ligilactobacillus salivarius, Streptococcus sobrinus as key oral bacteria whose ecological interactions
contributed to oral microbiome remodelling of elderly individuals. To investigate interspecies interactions of
identified key oral bacteria, this study conducted co-culture experiments for Prevotella salivae +
Ligilactobacillus salivarius, Prevotella salivae + Streptococcus sobrinus, Streptococcus sobrinus +
Ligilactobacillus salivarius, and Prevotella salivae + Ligilactobacillus salivarius + Streptococcus sobrinus,
and mono-culture experiments for these three species as the control samples. In detail, Prevotella salivae DSM
15606 was obtained from Shanghai Microbiological Culture Collection co., Ltd (Shanghai, China),
Ligilactobacillus salivarius DSM 20555 and Streptococcus sobrinus DSM 20742 were obtained from BeNa
Culture Collection co., Ltd (Heibei, China). These three species were revived on columbia blood agar, BHI
agar, and MRS agar respectively, with an anaerobic environment maintained using anaerobe pouch system
sachets and monitored via an indicator (Hopebio, Qingdao, China). All three species were maintained in GAM
Broth without additives (Hopebio, Qingdao, China) at 37 °C until the stationary phase at an optical density at
600 nm (ODes0o) of 0.7. Then, they were inoculated at 2% (v/v) into sterile liquid medium for dual-strain (1:1
ratio) and triple-strain (1:1:1 ratio) co-cultures. The ODesoo measurements of co-cultures and mono-cultures
were taken using a multi-mode microplate reader (FLASH SPECTRUM SuPerMax 3200, Shanghai, China).
For fatty acid supplementations to mono-/co-cultures, linoleic acid (>99% purity, Macklin) was directly added
to pre-sterilized broth and then re-sterilized using a 0.22 uM PES filter, stearic acid (>98% purity, Macklin)

was solubilized according to the reported method [42]. Stearic and linoleic acids, both 18-carbon fatty acids
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abundant in daily diet [43,44], were selected to investigate the effects of saturated and unsaturated fatty acids,
given the observed up-regulation of their derivatives (i.e., cis-9,10-epoxystearic acid and
hydroxy-octadecenoic acid) in elderly samples (section 3.1). The total bacterial inoculum count was

controlled to be consistent in all culture experiments, and the number of replicates was three.
2.6 Statistical analysis of multi-omics data

The dimensionality reduction of abundance levels of oral bacteria, metabolites, gene families and
metabolic pathways in metagenomes was performed using uniform manifold approximation and projection
(UMAP) [45]. Differential abundance analysis was performed using PyDESeq?2 [46], to find out significantly
up/down-regulated oral bacteria, metabolites, and functional pathways across A and B groups. In differential
abundance analysis, P-values were all corrected for multiple testing using the Benjamini and Hochberg
method [47]. For correlation analysis, Spearman coefficients were computed for inter-bacterial and
bacteria-metabolite correlations, and P-values of Spearman correlations were also corrected for multiple
testing using the Benjamini and Hochberg method. Nodes in weighted networks were clustered using
Clauset-Newman-Moore greedy modularity maximization [48] for the largest modularity, and then networks

were visualized as undirected graphs by NetworkX [49] in force-directed layouts.

3. Results
3.1 Differential abundance analysis identifies key oral bacteria and metabolites

In the taste sensitivity test of 10 youth (A group) and 10 elderly (B group) individuals with no significant
difference in body mass indexes or daily diet types (i.e., Mainly vegetarian, Mainly meat, Balanced) (see
Table S1 in Supplementary Materials), all youth individuals had significantly stronger taste sensitivity
(lower taste detection thresholds) than elderly individuals (Figure 2A). The average taste detection thresholds
of youth and elderly samples were 0.51 g/L and 17.14 g/L, respectively, and the statistical power of
two-sample t-test was 0.99. The UMAP-transformed taxonomic profiles and oral metabolite relative
abundance levels also showed distinctive distributions for youth and elderly samples (Figure 2BC). In
comparison to youth samples, 4 species of Haemophilus genus and Fusobacterium massiliense in elderly
samples had significantly lower abundance levels, while Bifidobacterium dentium, Propionibacterium
acidifaciens, Streptococcus sobrinus/mutans, Mitsuokella sp. oral taxon 131, Ligilactobacillus salivarius,
Prevotella salivae/multisaccharivorax, and Cryptobacterium curtum had significantly higher abundance
levels (Figure 2D). These species with significantly different abundance levels were considered as key oral
bacteria. Consistently, previous studies have reported that Bifidobacterium dentium, Streptococcus mutans,
Prevotella, and Mitsuokella species were correlated with taste sensitivity decline [50,51], whereas the
reduction of Haemophilus and Fusobacterium species in elderly samples were most likely related to aging
[52,53].
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Figure 2. The analysis of taxonomic profiles of oral microbiome and oral metabolomics of youth and elderly samples. (A)
The distribution of taste DTs (log2 g/L) for A and B samples. A samples: youth samples; B samples: elderly samples. (B)
UMAP of taxonomic profiles of oral microbiomes of A and B samples (P-value < 0.05). (C) UMAP of oral metabolite
abundance levels of A and B samples (P-value < 0.05). (D) Differential abundance analysis of genomic abundance levels of
bacterial species (adjusted P-value < 0.01, log2-fold change>1.0). LFC: log2-fold change. (E) Differential abundance
analysis of oral metabolite abundance levels (adjusted P-value < 0.01, log2-fold change>1.0). Only up/down-regulated
metabolites with adjusted P-value < 0.001 were labelled. (F) KEGG pathway enrichment of significantly up/down-regulated
metabolites (adjusted P-value < 0.05). Blue: down-regulated metabolites; Red: up-regulated metabolites.

Regarding oral metabolomics, differential abundance analysis identified 78 and 67 significantly up- and

down-regulated metabolites in elderly samples versus youth samples (B vs A), respectively (Figure 2E).
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Glycerophospholipids (e.g., PC 14:1 20:1, PI 16:1 22:3) were prevalent in both up- and down-regulated
metabolites. Alpha-eleostearic acid (a-ESA), cis-9,10-epoxystearic acid, and hydroxy-octadecenoic acid were
found in up-regulated metabolites with a high significance level (P-value < 0.001) (Figure 2E). The origins of
oral metabolites detected in this study can be found at
https://github.com/SizheQiu/OralMicrolX/data/metabolome/Metabolites Origin.csv. The origins of a-ESA
and cis-9,10-epoxystearic acid were both classified as microbiota-derived or food related, whereas that of
hydroxy-octadecenoic acid was food related. Nevertheless, the origins of most significantly
up-/down-regulated metabolites (e.g., glycerophospholipids such as PC 14:1 20:1) could not be distinguished
as being host- or microbiota-derived. (see Figure S2 in Supplementary Materials). The KEGG pathway
enrichment analysis showed that significantly up-regulated metabolites enriched in lipid metabolism
(glycerolipid metabolism and cutin, suberine and wax biosynthesis), protein digestion and absorption, and
aminoacyl-tRNA biosynthesis, while significantly down-regulated metabolites enriched in biosynthesis of
phenylpropanoids (Figure 2F). The significantly higher levels of fatty acids and enrichment of up-regulated
metabolites in lipid metabolism indicated a possible high-fat diet of elderly individuals, which was consistent
with a previously reported finding that taste sensitivity decline could lead to high-fat diet [54,55]. The
enrichment of up-regulated metabolites in protein digestion and absorption and aminoacyl-tRNA biosynthesis
was likely caused by the up-regulation of proteolytic oral bacteria, such as Prevotella species [56] (Figure
2D), and aging-associated dysregulation of nitrogen metabolism [57,58]. The enrichment of down-regulated
metabolites in biosynthesis of phenylpropanoids might reflect the dietary preference of elderly individuals
involved in this study (e.g., a possible reduced intake of phenylpropanoid-rich fruits [59]). In essence, fatty

acids were posited as key metabolites in the oral microbiome remodelling of elderly individuals.
3.2 Interspecies and species-metabolite correlations reveal ecological interactions

The correlation analysis of taxonomic profiles of youth (A) and elderly (B) samples revealed potential
interspecies interactions in the oral microbiome (Figure 3A, Figure S3 in Supplementary Materials).
Prevotella species had significant positive correlations with other Prevotella species, Streptococcus
parasanguinis/salivarius and Veillonella atypica/dispar. On the other hand, Pasteurellaceae species,
Fusobacterium periodonticum, and Veillonella rogosae had significant negative correlations with Prevotella
and Streptococcus species. Two clusters of oral bacteria were observed in the force-directed weighted
correlation network (Figure 3A). Cluster 1 mainly includes Prevotella and Streptococcus species (orange
circle). Cluster 2 comprises Haemophilus, Neisseria, and Fusobacterium species (purple circle). Species

within each cluster were positively correlated, while the two clusters were negatively correlated.
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Figure 3. Correlation analysis of oral bacteria and metabolites. (A) Weighted correlation network of oral bacterial species
with two major clusters labeled (P-value < 0.01). Blue: negative correlations; Red: positive correlations. (B)
Species-metabolite spearman correlations (P-value < 0.05). The P-values in all correlation analysis were corrected for
multiple testing using the Benjamini and Hochberg method.

In species-metabolite correlation analysis, Prevotella and Streptococcus species were positively
correlated with fatty acids (e.g., cis-9,10-Epoxystearic acid) and lipids (e.g., LPA 18:0), while negatively
correlated with acetate and isocitrate (Figure 3B). 13-Ox0-9Z,11E-octadecadienoic acid (13-OxoODE) was
determined to be derived from food or microbiota, but the origins of the other fatty acids significantly
correlated with oral bacteria were undetermined. The origin of acetate was classified as food or drug related,
while the origin of isocitrate was undetermined. The significant positive correlation between D-glutamic acid
and Prevotella sp. oral taxon 306 was possibly attributable to the proteolytic activity (section 3.1). Acetate
and isocitrate, as products of carbon catabolism, can inhibit bacterial growth [60—62]. Streptococcus and

Prevotella species are relatively more sensitive to the inhibition by acetate and isocitrate because they prefer
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fast anaerobic growth in low oxidative stress and carbohydrate-rich environments [63]. Acetate is a weak acid
stressor for Streptococcus and Prevotella species, as it represses carbon catabolism and causes oxidative stress
[60,64]. Isocitrate inhibits isocitrate dehydrogenase activity via feedback to slow the growth of Streptococcus
and Prevotella species [61,62]. On the other hand, Haemophilus and Neisseria species were negatively
correlated with fatty acids. These significant correlations led us to an assumption that elevated fatty acid levels
in elderly samples might be a major driving factor in the modulation of the oral microbiome (Figure 2E),
resulting in the up-regulation of Prevotella and Streptococcus species and down-regulation of Haemophilus
species (Figure 2D).

3.3 Functional pathway analysis shows the metabolic adaptation of oral microbiome

For functional analysis, gene families and metabolic pathways were quantitatively profiled for assembled
metagenomes of youth (A) and elderly (B) samples. Similar to the patterns found in taxonomic profiles and
oral metabolite relative abundance levels (section 3.1), the abundance levels (gene copy numbers) of coding
genes and metabolic pathways also demonstrated distinctive distributions for the two age groups (Figure 4A).
Differential abundance analysis of coding genes found 129 significantly up-regulated genes and 2
significantly down-regulated genes in elderly samples, that were spermidine/putrescine ABC transporter
ATP-binding protein (ROLDCS) and a response regulator of transcription (ROLF06) (Figure 4B). The GO
annotations [65] indicated that up-regulated genes in elderly samples mainly enriched in glycolysis,
phosphoenolpyruvate (PEP):sugar phosphotransferase system (PTS), IMP/CTP biosynthesis, and membrane
ATP synthesis (Figure 4C). The analysis of metabolic pathway abundance levels based on MetaCyc [66]
suggested that L-cysteine biosynthesis, isoprene biosynthesis, and Entner-Doudoroff (ED) pathway were
significantly down-regulated, while glyoxylate bypass and tricarboxylic acid cycle (TCA), biosynthesis of
isopropanol, L-glutamate/glutamine, taxadiene, trans-farnesol, geranylgeranyl diphosphate, and
polyisoprenoid were significantly up-regulated in elderly samples (Figure 4D). The substrates of ED pathway
and glyoxylate bypass were monosaccharides and fatty acids, respectively. Ergo, for energy metabolism of
oral bacteria, the down-regulation of ED pathway, up-regulation of glyoxylate bypass, elevated fatty acid
levels (section 3.1), and significant positive correlations between fatty acids and up-regulated oral bacteria
collectively suggested an alteration in substrate preference from monosaccharides to fatty acids in elderly
samples. Although the genomic abundance levels of isopropanol, trans-farnesol, and polyisoprenoid
biosynthetic pathways were up-regulated (Figure 4D), these flavor compounds and their derivatives were not
found in up-regulated oral metabolites (section 3.1). Therefore, their hypothesized effects on taste perception

were not clearly reflected in the oral metabolomic data obtained in this study.
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Figure 4. The analysis of gene family and functional pathway abundance in the oral metagenomes of youth and elderly
samples. (A) UMAP of gene family and pathway abundance levels of samples in A and B samples (P-value < 0.05). A
samples: youth samples; B samples: elderly samples. (B) Differential abundance analysis of coding genes (B vs A). The
adjusted P-value and log2 fold change cutoffs are 0.05 and 1. (C) GO process enrichment of significantly up-regulated genes
(adjusted P-value < 0.05). (D) Functional pathways of significantly high (red) and low (blue) abundance levels in B samples.
The adjusted P-value cutoff is 0.05.

3.4 Quorum sensing protein annotations uncover cell-to-cell communication abilities of oral bacteria

After phylogenetic binning (section 2.2), 28 and 37 high-quality MAGs of youth (A) and elderly (B) oral
microbiomes were obtained and taxonomically classified (see Tables S3, S4, Figures S1, S2 in
Supplementary Materials). The average nucleotide identity (ANI) values of classified MAGs and template
genomes were all above 95%, detailed information can be found at
https://github.com/SizheQiu/OralMicrol X/data/metagenome. The annotation of quorum sensing (QS)
proteins (signal molecule synthases and receptors) on MAGs revealed the cell-to-cell communication abilities
of bacteria in youth and elderly oral microbiomes (Figure 5). Notably, noradrenaline synthase/receptor,
LuxR-type receptor, and TCS (two-component systems) receptor were found in all MAGs, and therefore were
excluded from further analysis. The Prevotella species, in both youth and elderly samples, were found to have
Al-2 (autoinducer-2) and CAI-1 (cholera autoinducer-1) synthases, while around 50% of MAGs lacked those
two synthases (Figure 5A). Almost all MAGs, except for A bin.23 (Metamycoplasma genus), had CAI-1
receptors. Hence, Prevotella species, with relatively high abundance levels in both youth and elderly oral
microbiomes (see Figure S4 in supplementary Materials), were inferred to serve as the major donors of
AI-2 and CAI-1, which was consistent with high connectivities of Prevotella species in the interspecies

correlation network (Figure 3A). Notably, A bin.28 (Haemophilus sputorum), A bin.6 (Porphyromonas
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gingivalis), and B bin.28 (Streptococcus sobrinus), which only had AI-2 synthases but not receptors, were
also donors of AI-2. With respect to DSF (diffusible signaling factor)-mediated QS, Streptococcus sobrinus in
the B community was the only species that had DSFs receptor but lacked DSFs synthase (Figure 5B).
Therefore, it would rely on donors of DSFs, such as B bin.1 (Prevotella salivae) or B bin.32
(Porphyromonas gingivalis). Based on interspecies correlations, Streptococcus sobrinus most likely received
DSFs from Prevotella species (Figure 3A). The HAQs (4-hydroxy-2-alkylquinolines) receptor and indole
synthase were missing in most MAGs, suggesting that those two types of QS were inactive in oral bacterial
communities studied in this work. Generally speaking, Prevotella species were inferred to be active in QS
interactions with other oral bacteria, and their up-regulation in elderly samples (Figure 2D) possibly
promoted the growth of its positively correlated bacteria (e.g., Streptococcus species), via activating biofilm
formation, production of virulence factors, and antibiotic resistance, to affect oral microbiome remodelling
[67,68].
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Figure 5. QS protein annotations of MAGs from youth (A) and elderly (B) oral microbiomes. The IDs of bacteria (e.g.,
A _bin.28 for Haemophilus sputorum) can be found in Table S3, S4 in Supplementary Materials. Navy blue: more than 1 hit
in sequence alignment; White: no hit; Purple: synthase proteins; Green: receptor proteins; Red: Prevotella; Orange:
Streptococcus; Yellow: Porphyromonas; Blue: Haemophilus; Grey: other bacteria genera.
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3.5 Community-level metabolic modeling infers metabolic interactions among oral bacteria

To predict potential metabolic interactions of oral bacteria in youth (A) and elderly (B) samples, GEMs
were reconstructed based on MAGs to perform community-level FBA (see Figure S5 and S6 in
Supplementary Materials). In the species-coupling network of youth samples, Oribacterium and Treponema
were predicted to be major consumers of nutrients, while Cardiobacterium hominis, Stomatobaculum longum,
Haemophilus sputorum, Prevotella histicola, Anaeroglobus micronuciformis, and Corynebacterium durum
were major suppliers of nutrients (Figure 6A). Specifically, Haemophilus sputorum, downregulated in elderly
samples (Figure 2D), acted as a supplier of lysine (lys), arginine (arg), ammonium (nh4), and thiamin (thm) to
Oribacterium and Treponema species (Figure 6C).

Regarding oral bacteria of elderly samples, Prevotella species, except Prevotella oris, were all predicted
to be consumers, while Stomatobaculum longum was still a supplier of nutrients as in youth samples (Figure
6B). The role of Prevotella salivae transitioned from a supplier of amino acids, phosphate, and glycerol in
youth samples to a consumer of amino acids, monosaccharides, and peptidoglycan in elderly samples (Figure
6DE). Correspondingly, Streptococcus sobrinus and Ligilactobacillus salivarius, up-regulated in elderly
samples (Figure 2D), both supplied nutrients to Prevotella salivae (Figure 6B). Streptococcus sobrinus
supplied peptidoglycan (LalaDgluMdapDala), and Ligilactobacillus salivarius supplied galactose (gal),
which are building blocks of cell walls and polysaccharides, respectively (Figure 6E). S. sobrinus and L.
salivarius also supplied nutrients to other Prevotella species, i.e., Prevotella shahii, Prevotella histicola, and
Prevotella sp905372445 (Figure 6B, see Figure S7 in Supplementary Materials). The simulation of
metabolic fluxes predicted that the nutrient feeding from Streptococcus sobrinus and Ligilactobacillus
salivarius resulted in the role transition of Prevotella salivae, switching from a supplier to a consumer. And
this role transition likely promoted the growth of Prevotella salivae by alleviating its cellular metabolic
burden of biomass component synthesis. Consequently, community-level metabolic modeling of oral bacteria

inferred that changes in interspecies nutrient feeding patterns contributed to oral microbiome remodelling.
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Figure 6. Results of community-level FBA of oral bacteria. (A, B) Simulated species coupling relationships of oral bacteria in
youth (A) and elderly (B) samples. The widths of edges were scaled with species coupling scores (SCSs), and the directions of
edges pointed from suppliers to consumers. SCS>0.1. (C-E) Simulated metabolic interactions of Haemophilus sputorum (C)
and Prevotella salivae (D) in youth samples, and Prevotella salivae (E) in elderly samples. The widths of edges were scaled
with SMETANA scores (section 2.3). Purple nodes: bacteria identified in phylogenetic binning; Wheat nodes: metabolites;
Green edges: production; Orange edges: consumption. The IDs of bacteria (e.g., A_bin.28 for Haemophilus sputorum) can be
found in Table S3, S4 in Supplementary Materials. The IDs of metabolites were adopted from the BIGG database (see
Table S5 in Supplementary Materials).
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3.6 Mono- and co-culture experiments validate inferred ecological interactions

To validate the inferred modulatory effects of fatty acids and interspecies interactions of up-regulated
oral bacteria in elderly samples, mono-culture experiments of Prevotella salivae (P.s), Streptococcus sobrinus
(S.s), Ligilactobacillus salivarius (L.s), and 2-species/3-species co-culture experiments of P.s, S.s, L.s were
conducted (Figure 7, Experiment 1&2). Linoleic and stearic acids, as representative unsaturated and
saturated fatty acids, were added to mono-/co-cultures at concentrations of 0, 0.025, and 0.05 mM. As the
initial cell concentrations (OD600) of all mono-/co-cultures were the same, OD600=0.1, the OD600 values at
different time points could be directly used to quantify average growth rates. With the increase of linoleic acid
concentration from 0 to 0.05 mM, the average growth rates of P. s. and P. s+S. s+L. s increased significantly,
while the average growth rates of S. s and L. s showed no significant changes (Figure 7A). On the other hand,
stearic acid activated the growth of S.s and L.s, but had little effect on P.s (Figure 7B). In a nutshell, the
inferred role of fatty acids as key drivers in remodelling the oral microbiome were experimentally validated.

Next, the growth rates of mono-cultures and 2-species/3-species co-cultures were compared to examine
the inferred interspecies interactions of P.s, S.s, and L.s (Figure 7C-F). The 2-species co-cultures of P.s+S.s
and P.s+L.s, and 3-species co-culture of P.s+S.s+L.s all had significantly faster growth rates than
mono-cultures (P.s, S.s, and L.s) (Figure 7CDF), validating that S.s and L.s can promote the growth of P.s
(section 3.5) as well as suggesting that P.s can benefit the growth of S.s and L.s, possibly via enhanced QS
activity (section 3.4). Nevertheless, the relationship between S.s and L.s was unclear, as the growth rates of
L.s+S.s and S.s did not have significant differences (Figure 7E). In short, the commensalistic interactions of

S.s and L.s with P.s were experimentally validated.
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Figure 7. The cell concentrations (OD600) of mono-cultures and co-cultures of Prevotella salivae (P.s), Streptococcus
sobrinus (S.s), and Ligilactobacillus salivarius (L.s) under different conditions. (A) OD600 at T=18hr of P.s, S.s, L.s, and
P.s+S.s+L.s under different concentrations of linoleic acid (0, 0.025, 0.05 mM). (B) OD600 at T=18hr of P.s, S.s, L.s, and

P.s+L.s+S.s under different concentrations of stearic acid (0, 0.025, 0.05 mM). (C) OD600 of P.s, S.s, and P.s+S.s at T=12, 18,
24, 30hr. (D) OD600 of P.s, L.s, and P.s+L.s at T=12, 18, 24, 30hr. (E) OD600 of L.s, S.s, and L.s+S.s at T=12, 18, 24, 30hr.
(F) OD600 of P.s, S.s, L.s, and P.s+S.s+L.s at T=12, 18, 24, 30hr. The initial OD600 were all 0.1.
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4. Discussion

Focusing on the complicated interconnection of aging-induced taste sensitivity decline and oral
microbiome, this study managed to provide a mechanistic depiction of how the former remodels the latter
through multi-omics analysis of oral samples from a case study cohort comprising youth and elderly
individuals in Fangshan district, Beijing, China. Regarding the key oral bacteria, Prevotella salivae,
Streptococcus sobrinus, Ligilactobacillus salivarius, and other 6 species were found to have significantly
higher abundance levels in elderly samples (section 3.1). With respect to key metabolites, species-metabolite
correlations and functional pathway analysis of the oral metagenome suggested that elevated levels of fatty
acids (e.g., cis-9,10-epoxystearic acid) in elderly samples with low taste sensitivity (section 3.1) modulated
the oral microbiome composition by switching the substrate preference of energy metabolism from
monosaccharides to fatty acids (section 3.2/3.3). Correspondingly, the modulatory effects of saturated and
unsaturated fatty acids on oral bacteria were validated in both mono- and co-cultures of identified key oral
bacteria (section 3.6). Additionally, up-regulated Prevotella species in elderly samples possibly affected oral
microbiome remodelling via active QS interactions with other oral bacteria (section 3.4). Furthermore,
community-level genome-scale metabolic modeling and co-culture experiments suggested that the nutrient
feeding from Streptococcus sobrinus and Ligilactobacillus salivarius, up-regulated in elderly samples,
promoted the growth of Prevotella salivae and contributed to oral microbiome remodelling (section 3.5/3.6).

Despite the novel insights presented above, several limitations remained to be discussed. Due to resource
limitations, this study was confined to 20 participants from Fangshan District, Beijing, China, which might
restrict the generalizability of the findings. Incorporating more geographically diverse populations in future
research would help address this limitation. In functional pathway analysis, this study quantified the
expression levels of metabolic pathways with gene copy numbers (section 3.3), which was unable to account
for transcriptional and translational regulations, although gene copy numbers have high correlations with
transcription levels [69,70]. Meta-transcriptomics analysis of the oral microbiome of two age groups will
provide more accurate quantification of functional pathway expression levels. Regarding non-targeted
metabolomics (section 2.4), the annotations of certain metabolites remained preliminary, despite its capacity
for broad and unbiased biomarker analysis. By contrast, targeted metabolomics using isotopically labeled or
external standards allows precise quantification of key metabolite biomarkers. Besides, the oral metabolomics
analysis presented in this study did not investigate the relationship between oral metabolites and taste
sensitivity due to the difficulty of annotating tastants. For example, this study failed to interpret the roles of
glycerolipids, present in both up/down-regulated metabolites in B samples, as the structures of detected
glycerolipids were diverse and complicated (section 3.3). As a result, this study contributed little to explaining
the influence of oral bacteria and metabolites on taste sensitivity. The further development of tastant
databases, such as FlavorDB [71] and ChemTastesDB [72], can potentially resolve this limitation. Another
important limitation in the oral metabolomics analysis was the inability to determine the origins of many oral

metabolites as host- or microbiota-derived (e.g., isocitrate), potentially confounding the species-metabolite
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correlation analysis. In vitro metabolomics of oral bacteria could avoid the interference of host metabolism,
but accurately replicating the oral environment for isolated oral bacteria is challenging and some oral bacteria
are non-culturable [73].

In conclusion, this multi-omics study, in spite of several limitations, successfully elucidated how
aging-induced taste sensitivity decline remodels the oral microbiome by deciphering the ecological
interactions of key oral bacteria (e.g., Prevotella salivae) and metabolites (e.g., fatty acids such as
cis-9,10-epoxystearic acid). As envisaged, such mechanistic insights into the adaptation of the oral
microbiome can contribute to the development of novel strategies to mitigate oral dysbiosis, eventually

benefiting the health of elderly individuals.
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