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Chapter 6

On the ecosystemic network of saliva in
healthy young adults

6.1 Introduction and background
The oral ecosystem consists of hundreds of bacterial taxa and other microorganisms that
interact with each other [60, 226]. The importance of understanding the role of the oral
microbiome in maintaining oral and general health has recently been recognized, resulting
in a vast number of studies describing the bacterial component of this ecosystem [227, 238].

Saliva, besides its functions related to oral health and wellbeing (e.g., lubrication, taste
experience and wound healing) is the main nutrient source for oral microbial communities
[138]. Changes in the local environment (e.g., prolonged episodes of low pH levels) con-
tribute to transition of a healthy oral ecosystem from homeostasis towards dysbiosis (e.g.,
driving the pathogenesis of dental decay or caries) [139]. Nevertheless, to the best of our
knowledge the complex relation between the healthy oral microbiome and salivary compo-
sition so far has not been addressed.

Here, we aimed at describing the boundaries of a healthy oral ecosystem by decipher-
ing the relations between salivary bacterial composition (microbiome), salivary metabolites
(metabolome) and the host-related biochemical parameters in a healthy young adult popula-
tion.

A note from the author of the PhD thesis: this chapter represents our joint work with
Egija Zaura, Bernd Brandt, Andrei Prodan and others. Only those parts of Zaura et al. sub-
mission, which are related to the topics of the PhD thesis, i.e., multi-omics data integration,
unsupervised machine learning, supervised feature selection, machine learning applications
to oral health; are included in this chapter as a part of the PhD thesis. Some of the results
presented in this chapter are also included in the PhD thesis of Andrei Prodan.

6.2 Materials and methods
This cross-sectional observational study was carried out on 268 healthy young adults after
overnight fasting and 24 hours since the last tooth brushing. The inclusion and exclusion cri-
teria were as described in the Dutch Trial Register under trial number NTR3649, by Prodan
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et al. [159] and Oliveira et al. [150]. The saliva collection and processing processes are as
previously described by Prodan et al. [159]. Fasting peripheral blood samples were drawn to
confirm that the study individuals presented with blood values within the normal range. The
study was conducted according to the Declaration of Helsinki [6] and the study protocol was
reviewed and approved by the Medical Ethical Committee of the Academic Medical Centre
of Amsterdam (2012 210 B2012406).

6.2.1 16S rRNA gene amplicon sequencing and data processing
Microbial DNA was extracted and processed for amplicon sequencing of the V4 hypervari-
able region of the 16S rRNA gene on the Illumina MiSeq platform. The sequences were
processed with mothur v.1.31.2 [174]. The data were stored on a dedicated server at TNO
and are available upon request1.

6.2.2 Metabolome assessment
The saliva samples were extracted, prepared and processed at Metabolon (Durham, NC,
USA) as described previously [65]. The normalized metabolome dataset provided by Metabolon
was range-scaled between 0 and 10. Metabolites with a single value were omitted from sta-
tistical analysis. This resulted in a dataset with 493 metabolites.

6.2.3 Unsupervised machine learning
Spectral clustering (SC) [222] was performed using the neighborhood co-regularized SC
algorithm [203]. For the SC on the microbiome data, the Operational Taxonomic Unit (OTU)
data were pre-processed by removing rare OTUs, i.e., OTUs with a count of less than 5 (per
individual) in less than 10 individuals, then sample-wise normalized to a sum of one and
feature-wise range-scaled from 0 to 10. For the SC on the metabolome data, the range-
scaled metabolome dataset with 493 metabolites without sample-wise normalization was
used. A co-occurrence matrix was subsequently calculated based on the clustering results,
quantifying the tendency of any two samples to fall within the same cluster over multiple
SC clustering assignments using varying parameters. After defining the number of clusters,
examples were assigned to the clusters using a probabilistic decomposition algorithm [198].

6.2.4 Supervised feature selection
Elastic Net regression, a regularization and variable selection method, was used to select
features (OTUs or metabolites) that were related to the host environmental variables. It is a
regularized regression model that combines the penalties of the least absolute shrinkage and
selection operator (LASSO) and ridge regression methods [245]. Here, we applied Elastic
Net with Stability Selection [141]. Different parameter sets were used, and for each param-
eter set a model was trained on 80% of the data with ten-fold cross-validation, selecting the
most stable features. The rest 20% of data were used as test set. For the stability selection
100 runs were performed.

1https://dashin.eu/download/TIFN_WP1_saliva/.
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The Elastic Net with Stability Selection was implemented in Python using scikit-learn
v.0.16.1 [152]. The Elastic Net balancing parameter, which defines a balance between the
L1 and L2 norm penalties, was set at 0.3 to 0.8 in 20 steps. The model’s alpha factor, which
defines the strength of both L1 and L2 norm penalties, ranged from 10−2 to 10+2 in 150
steps. The raw metabolome data were filtered for use with Elastic Net as follows. Firstly, all
unidentified metabolites and metabolites with more than 25% missing measurements were
removed from the raw data. Secondly, missing values were imputed by the minimum value
per metabolite (assuming this is the detection limit). Thirdly, all metabolites were zero-mean
unit-variance scaled. Finally, outliers, defined as metabolite measurements ≥ 3 standard de-
viations from the mean and individual samples with more than 45 of such metabolites, were
removed. This filtered metabolome dataset or the top 400 largest OTUs and a biochemical
variable were used as input data for the Elastic Net.

6.2.5 Other statistical machine learning techniques
Principal component analysis (PCA), permutational analysis of variance, Shannon diversity
index and Chao-1 estimate of species richness were calculated using PAST software v. 3.04
[82]. Inter-cluster differences in host parameters and in microbiome alpha diversity were as-
sessed using the Kruskal-Wallis and Mann-Whitney test in SPSS version 21. Benjamini and
Hochberg False Discovery Rate (FDR) correction of the P-values for multiple comparisons
was performed in R. The LDA Effective Size (LEfSe) biomarker discovery tool [178] was
used with the ”one-versus-all” strategy for multiclass analysis and logarithmic LDA score
threshold of 2, P < 0.05 was used to discriminate the SC clusters. High-dimensional fea-
ture selection by Significance Analysis of Microarrays (SAM) analysis [207], in the TIGR
MultiExperiment Viewer 2, was used to compare scaled metabolite data among metabolome
sample clusters and to assess the differences in host-related SC clusters and microbiome SC
clusters by metabolites.

6.3 Results
In this study, we aimed at capturing the heterogeneity of and the mutual interrelationship
between the bacterial composition of overnight fasting unstimulated saliva (microbiome),
salivary metabolites (metabolome), and host-related biological parameters in a healthy young
adult population. The biochemical host-related parameters [159] and clinical parameters
[150] have been reported previously. Here, we first assessed the boundaries of the salivary
microbiome and metabolome and then related these datasets to different host parameters and
to each other.

6.3.1 The heterogeneity of the salivary microbiome
Of the 268 saliva samples, one sample was lost during sample processing. In total, sequenc-
ing produced 11.66 million reads of which 78.3% passed through the processing pipeline, re-
sulting in 34,211 reads per sample (Standard Deviation (SD) 10,164, range 13,434 - 67,729).

2111.tm4.org/mev.html
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The sequences were clustered into 2,758 operational taxonomic units (OTUs). After filtering
the dataset, 912 OTUs, classified into 95 genera or higher taxa belonging to 11 microbial
phyla, remained in the dataset. An individual sample contained on average 345.5 OTUs (SD
70.4; median 364; range 175 - 500) after subsampling at 12,000 reads/sample. Twenty OTUs
were present in all samples and contributed to 53% of the reads, while 63 OTUs were found
in 95% of the samples and accounted for 82% of the reads. The largest ubiquitous OTUs
were classified as Streptococcus dentisani/infantis/mitis/oralis (OTU4, 13% of all reads),
Veillonella atypica/dispar (OTU1, 9.4% of reads), Haemophilus parainfluenzae (OTU2, 8%
of reads) and Prevotella melaninogenica (OTU21, 6.3% reads).

To assess the heterogeneity within the salivary microbiome dataset, Spectral Cluster-
ing (SC) was performed. This identified three distinct sample co-occurrence clusters (SC1:
N=191; SC2: N=59, SC3: N=17) (Figure 6.1, A). The microbiome taxonomic profiles within
the largest cluster (SC1) still showed high heterogeneity, particularly due to differences in
relative abundance of genus Neisseria (Figure 6.1, B). Therefore, SC1 was further subdi-
vided into three sub-clusters (SC1.1: N=48; SC1.2: N=63; SC1.3: N=80). The resulting five
clusters were all statistically significantly different among each other (Figure 6.1, C).

To determine which OTUs contributed to the observed differences among the sample
clusters, the LDA Effective Size (LEfSe) biomarker discovery tool was used (Figure 6.1,
D). The smallest cluster, SC3 (N=17), had the highest proportion of OTUs classified as Veil-
lonella atypica/Veillonella dispar (OTU1) and Prevotella histicola (OTU35, OTU94) and the
lowest proportion of Streptococcus, Rothia and Granulicatella among the five sample clus-
ters (Figure 6.1, D). Cluster SC1.3 was discriminated by the highest proportion of Neisseria
subflava (OTU23) and Haemophilus parainfluenzae (OTU2); cluster SC1.2 by Streptococ-
cus salivarius/Streptococcus vestibularis (OTU14), Streptococcus australis/Streptococcus
parasanguinis (OTU15) and Granulicatella adiacens (OTU41); cluster SC1.1 by Prevotella
sp. HOT313 (OTU31) and Paraprevotella/Alloprevotella sp. HOT308 (OTU234); and clus-
ter SC2 by the highest proportion of Streptococcus infantis/Streptococcus mitis/Streptococcus
oralis group (OTU4), Streptococcus gordonii (OTU86) and Rothia aeria (OTU8) (Figure 6.1,
D).

The samples that clustered into SC1.2 showed the lowest alpha diversity: species richness
(number of OTUs/sample), the Shannon Diversity and Chao-1 index were significantly lower
in SC1.2 samples compared to the samples from any other cluster (Mann-Whitney test, P <
0.001). For instance, the estimated species richness (Chao-1) of the SC1.2 samples was 340
(SD=92), while SC1.1 had 508 (SD 69), SC1.3-491 (SD 72), SC2-525 (SD 63) and SC3-490
(SD 52) taxa (Figure 6.1, E).

6.3.2 The heterogeneity of the salivary metabolome
From the 268 saliva samples, 266 metabolome profiles were obtained. The entire salivary
metabolome dataset contained 535 metabolites, 79 of which were present in all samples and
275 in at least 75% of the samples (Table 6.1).

On average, 337 metabolites (SD 52, range 214-430) were identified in an individual
saliva sample. The peptide pathways contained the highest number of metabolites, while
metabolites belonging to amino acid and lipid pathways contributed most to the metabolites
that were found across all samples (Table 6.1). Of the 535 metabolites, 396 were identi-
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Figure 6.1: The heterogeneity of the salivary microbiome: A) Spectral Clustering co-
occurrence plot of microbiome samples ordered along X- and Y-axis according to the co-
occurrence matrix: the more similar the microbiome profiles, the closer they are on the axis.
Co-occurrence values range from 0.0 (samples never cluster) to 1.0 (samples always cluster
together) after multiple clustering assignments. Unsupervised machine learning discovered
three main sample clusters (SC1, SC2 and SC3) where the largest SC1 cluster was further
subdivided into three subclusters (SC1.1, SC1.2, SC1.3). Below the graph are Spectral Clus-
tering labels according to salivary microbiome, metabolome and host parameter (’Host’ SC)
datasets. B) Microbiome profiles at the genus level. C) Principal Component Analysis (PCA)
of microbiome samples. All five microbiome sample clusters differed significantly among
each other (PERMANOVA). D) 33 most significantly discriminatory OTUs between the mi-
crobiome clusters (LDA > 3.5, p < 0.05, LEfSe). E) Estimated species richness (Chao-1)
per individual sample, ordered as in A) and B). SC1.2 samples showed significantly lower
diversity that other samples (P < 0.001).
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Table 6.1: Prevalence of salivary metabolites per metabolic pathway category. The preva-
lence is split into the overall prevalence (presence in at least a single sample), the prevalence
in the majority (75%) of the 266 samples and the prevalence in all samples.

Pathway ≥ 1 sample ≥ 75% of samples All samples

Peptides 97 40 5
Amino acids 94 75 31

Lipids 68 46 16
Xenobiotics 50 17 5

Carbohydrates 38 23 5
Nucleotides 26 18 4

Cofactors & vitamins 17 7 0
Energy 6 6 4

Unidentified 139 43 9
TOTAL 535 275 79

fied to a known biological pathway. Traces of host behavior-related metabolites, such as
cotinine (predominant metabolite of nicotine), were found in 8 (3%) samples, salicylate (a
preservative and antiseptic in toothpastes) in 14 (5.3%) samples, components of paracetamol
(4-acetamidophenol and 4-acetaminophen sulfate) in 8 (3%) samples, while traces of caf-
feine and theobromine (a cacao bean and tea plant alkaloid) were found in 91% and 99% of
the samples, respectively.

As for the microbiome data, spectral clustering (SC) was applied to assess the hetero-
geneity within the metabolome dataset. The SC co-occurrence analysis resulted in four
clusters, where the majority of samples (74%) showed high co-occurrence of metabolites
and clustered together (SC1, N=198), followed by three smaller clusters with N=44 (SC2),
N=19 (SC3) and N=5 samples (SC4), respectively (Figure 6.2, A). The PCA analysis and
PERMANOVA confirmed the spectral clustering outcome (Figure 6.2, B) and indicated that
there is a gradient in metabolites between the clusters. Samples in SC4 had the highest av-
erage number of metabolites (417 metabolites/sample, SD 6.8), followed by SC3 (409, SD
11) and SC2 (386, SD 14), while samples in the SC1 had the lowest number of metabolites
per sample (315, SD 41) compared to the other clusters (P < 0.0001).

Significance Analysis of Microarrays (SAM) identified 222 metabolites that discrimi-
nated the large sample cluster (SC1) from the other three clusters. Only 6 of the 222 metabo-
lites - unidentified metabolites X19870 and X13230, phosphoethanolamine, glycerol, citrate
and urea - were significantly higher in SC1 (Figure 6.2, C). As expected from the PCA anal-
ysis, the metabolites associated with the three smaller clusters indeed showed a gradient in
their abundance (Figure 6.2, C).

6.3.3 The relation between the salivary microbiome and the biochemi-
cal salivary parameters

As reported previously [159], fourteen host-related biochemical parameters of relevance for
oral health were analyzed from the same saliva sample set. These included salivary flow
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Figure 6.2: The heterogeneity of the salivary metabolome: A) Spectral Clustering co-
occurrence matrix clustering the metabolome dataset into four clusters: SC1 (N=198 sam-
ples), SC2 (N=44), SC3 (N=19) and SC4 (N=5); B) Principal Component Analysis (PCA)
of metabolome samples. All metabolome sample clusters differed significantly among each
other (PERMANOVA). C) Significantly positively and significantly negatively associated
metabolites between samples belonging to the SC1 and the other clusters. Only the top 6
of 217 metabolites with the highest negative fold change are shown. D) Significantly dis-
criminatory OTUs of the salivary microbiome between the metabolome clusters (LEfSe,
P < 0.001; LDA > 3).
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rate, pH and various salivary enzymes. Spectral Clustering of these host factors resulted in
two distinct sample clusters, where the smallest cluster (SC1, N=22, 8.3%) was differenti-
ated by low salivary pH and low buffered pH and by high lysozyme activity and salivary
mucin MUC7 content compared to the SC2 (N=245), which comprised the rest of the study
population (Figure 6.3, A).
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Figure 6.3: The heterogeneity of the salivary biochemistry data. A) Data stratified into
Spectral clusters SC1 (N=22) and SC2 (N=245) (Fig. 4 with permission from Prodan et
al., [159]) and compared with the microbiome data B) where 12 most discriminatory OTUs
between the two biochemistry clusters (LEfSe, P < 0.05, LDA > 3) are shown. In total,
42 OTUs were significantly discriminatory (LDA > 2). C) Abundance of the top four
discriminatory OTUs per biochemistry cluster (red - SC1, blue - SC2). D) Metabolites that
significantly discriminated two biochemistry clusters (SAM; ∆ = 0.8; 100 permutations, 0
false significant genes).

Of the 912 microbiome OTUs, 99 significantly discriminated between the two host-
related salivary biochemistry-based SC clusters (LEfSe; LDA > 2, P < 0.05). Strepto-
coccus OTU4 (Streptococcus dentisani/infantis/ mitis/oralis), Haemophilus parainfluenzae
(OTU2), Granulicatella adiacens (OTU41) and Rothia dentocariosa (OTU29) were the most
positively associated taxa with cluster SC1 samples (the ’low pH cluster’), while Veillonella
OTU1 (Veillonella atypica/Veillonella dispar), Prevotella OTU10 (Prevotella sp. HOT 310)
and Fusobacterium periodonticum (OTU22) predominated in the SC2 samples (Figure 6.3,
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B-C). Additionally, the microbiomes of SC1 samples had a significantly lower Shannon Di-
versity index (3.498, SD 0.39) compared to SC2 samples (3.716, SD 0.27) (P = 0.01).

Next, we assessed the relation between the individual host-related biochemical salivary
parameters and the microbiome sample spectral clusters. Samples belonging to cluster SC3
differed most from samples in the other clusters, with significantly higher salivary chitinase
and albumin and significantly lower lysozyme activity, while SC1.2 and SC2 had lower sali-
vary pH and buffered pH compared to the other clusters (Figure 6.4, A) (P < 0.05).

For cluster-independent analysis, the Elastic Net regression was used to relate the sali-
vary microbiome data with the individual salivary biochemical parameters. Salivary pH,
buffered pH and lysozyme activity could be predicted with good accuracy based on micro-
biome composition (Figure 6.5). Among the 10 most stable OTUs that predicted salivary
buffered pH, eight OTUs (belonging to Streptococcus, Actinomyces, Granulicatella adia-
cens, Rothia dentocariosa and Prevotella oris) decreased in abundance with increasing pH,
while only two OTUs (classified as Capnocytophaga granulosa and Neisseria) were more
abundant at higher pH (Figure 6.5, B). Salivary lysozyme activity was positively associated
with mainly Gram-positive taxa such as streptococci and actinomyces, and negatively as-
sociated with Gram-negatives such asprevotellae, selenomonae and neisseriae (Figure 6.5,
D).

6.3.4 The relation between the salivary metabolome and the biochemi-
cal salivary parameters

Only seven of the 493 metabolites discriminated between the two clusters based on biochem-
istry data: phosphoethanolamine was more abundant in cluster SC1 (the ’low pH’ cluster),
while creatinine, 2-aminoadipate, 3,4-hydroxyisovaleriate, 2-piperidinone, deoxycarnitine
and unidentified metabolite X12944 were significantly more abundant in the biochemistry
SC2 (Figure 6.3, D).

Next, the relation between the biochemical salivary parameters and the metabolome sam-
ple clusters was assessed. Similarly to metabolites, the host-related parameters followed a
gradient: pH, buffered pH, chitinase activity, albumin and MUC5B increased while lysozyme
activity decreased from SC1 through SC4 when different metabolome sample clusters were
compared (Figure 6.4, B).

Based on the metabolites in saliva, Elastic Net regression predicted eight of the four-
teen host parameters and the explained variance r2 with Normalized Root-Mean-Square Er-
ror (NRMSE) were calculated: salivary albumin concentration (r2=0.25, NRMSE=9.5), to-
tal protein (r2=0.296, NRMSE =12), secretory-IgA (r2=0.45, NRMSE =7.4), pH (r2=0.28,
NRMSE =12.8), buffered pH (r2=0.37, NRMSE =13.9) and activity of lysozyme (r2=0.35,
NRMSE =20), amylase (r2=0.28, NRMSE =13.9) and proteases (r2=0.23, NRMSE =10.58).
For instance, albumin concentration was positively associated with pro-inflammatory metabo-
lites (arachidonate, dihomo-linoleate and 1-stearoylglycerophosphoinositol) and negatively
with anti-inflammatory palmitoyl ethanolamide, while pH, low buffered pH and high lysozyme
activity were associated with membrane lipid degradation products phosphoethanolamine,
ethanolamine and glycerol.
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Figure 6.4: Six out of 14 measured host-related salivary parameters where signifi-
cantly different among the samples belonging to the different A) microbiome and B)
metabolome clusters were observed. The lines on top of boxplots connect significantly dif-
ferent clusters (P < 0.05, FDR corrected for multiple comparisons).

64



Pr
ed

ic
te

d 
bu

ff
er

ed
 p

H

Measured buffered pH

Pr
ed

ic
te

d 
ly

so
zy

m
e 

ac
tiv

ity

Measured lysozyme activity

Q1 Q2 Q3 Q4
0

200

400

600

R
ea

ds
/s

am
pl

e

OTU48: 
Streptococcus sanguinis

Q1 Q2 Q3 Q4
0

100

200

300
OTU7: Actinomyces

R
ea

ds
/s

am
pl

e

Q1 Q2 Q3 Q4
0

100

200

300

400

500 OTU29: 
Rothia dentocariosa

R
ea

ds
/s

am
pl

e

Q1 Q2 Q3 Q4
0

2000

4000

6000
OTU4: 

Streptococcus mitis*

R
ea

ds
/s

am
pl

e

Quartiles of Buffered pH

A

B

C

D

Quartiles of Lysozyme activity

Q1 Q2 Q3 Q4
0

100

200

300

400

500
OTU41: 

Granulicatella adiacens

R
ea

ds
/s

am
pl

e

Q1 Q2 Q3 Q4
0

2000

4000

6000
OTU4: 

Streptococcus mitis*

R
ea

ds
/s

am
pl

e

Q1 Q2 Q3 Q4
0

50

100

150

200

250 OTU97: Selenomonas sp.

R
ea

ds
/s

am
pl

e

Q1 Q2 Q3 Q4
0

20

40

60

80

100 OTU133: Neisseria subflava

R
ea

ds
/s

am
pl

e

Figure 6.5: The results of the Elastic Net regression analysis on the salivary microbiome
dataset in predicting A) buffered salivary pH and C) salivary lysozyme activity, where
distribution of the top four most stable and abundant OTUs that predicted B) buffered salivary
pH and D) lysozyme activity are shown divided into the quartiles of the respective variable.
Buffered pH was divided into the following quartiles: Q1: pH 4.1-5.9, Q2: pH 5.9-6.3, Q3:
pH 6.3-6.6, Q4: pH 6.6-7.3. Lysozyme activity was divided into Q1: 28-464, Q2: 464-1514,
Q3: 1514-2491, Q4: 2491-5635.
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6.3.5 The relation between the salivary metabolome and the salivary
microbiome

First, we assessed the relationship between different metabolome sample clusters and micro-
bial taxa. Of the 912 OTUs, 207 were significantly discriminatory among the metabolome
clusters (LEfSe; LDA > 2, P < 0.05). Of these, 30 OTUs discriminated one of the
metabolome clusters from the others at an LDA score 3 or above. The largest cluster
(SC1, N=198 samples) had a significantly higher abundance of OTU4 (Streptococcus den-
tisani/infantis/mitis/oralis group), OTU2 (Haemophilus parainfluenzae) and OTU27 (Por-
phyromonas sp. HOT 278 and HOT279), while other clusters were dominated by OTUs
classified as veillonellae and prevotellae (Figure 6.2, D).

We then analyzed the differences in metabolome dataset between the five microbiome
sample clusters. Of the 493 metabolites, 64 were significantly discriminatory (SAM analy-
sis, median FDR 0%, ∆ = 0.0033), the majority of which were significantly more abundant
in the smallest microbiome cluster (SC3, N=17) compared to the rest of the samples. Among
these, the largest difference between SC3 and the other samples was observed in histidylhis-
tidine, leucylserine, phenylacetate, leucyltyrosine and two unidentified metabolites - X18037
and X18165.

6.4 Discussion
We aimed at increasing the understanding of a healthy oral ecosystem. For this, we collected
overnight fasting salivary samples from 268 young healthy adults. The same individual sam-
ples provided microbiome, metabolome and host-related salivary data. The salivary micro-
biome appeared to be heterogeneous, forming five distinct sample clusters. These salivary
microbiota clusters differed not only in microbial community structure and diversity, but also
in salivary pH, buffered pH, albumin levels and activity of lysozyme and chitinase. No direct
relation with the metabolome profiles could be observed. In contrast, the majority of the
individuals had highly similar salivary metabolic profiles.

The most intriguing finding of this study was the strong dichotomy in salivary OTU-
metabolite associations. Species positively associated with metabolites of amino acid fer-
mentation were key members of microbiome clusters SC1.1, SC1.3 and SC3. In samples of
these clusters, a relatively high resting pH was found, in correspondence with deaminase and
decarboxylase activity under amino acid fermentation [196]. Conversely, microbiota clusters
SC2 and SC1.2 were dominated by Streptococcus species and showed a negative correlation
with dipeptides and other metabolites linked to amino acid fermentation. Instead, a positive
correlation was found with glycerol-3-phosphate, a central metabolite in glycolysis, as well
as choline phosphate and phosphor-ethanol amine, both related to phospholipid metabolism.

We propose that the five salivary microbiota clusters identified in these healthy individ-
uals represent different ecological states or ’ecotypes’ of the oral ecosystem, with different
ecological properties and different levels of specialization. We find clusters that are func-
tionally adapted to proteolysis and amino acid fermentation, as well as clusters functionally
adapted for saccharolysis (Figure 6.6). Based on our findings, a proteolytic adaptation is
reflected in a higher dominance of proteolytic bacteria, and a higher resting pH. Cluster SC3
appears to display signs of advanced ecological specialization towards protein and amino
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Figure 6.6: Proposed ecological states or ecotypes of the oral ecosystem and the po-
sitioning of the microbiome clusters according to these states. Dichotomy in bacteria-
metabolite associations and the relation with salivary parameters is depicted in saccharolytic
(left side) or proteolytic (right side) adaptations of the ecosystem. Based on the observed
associations, the sample clusters SC1.2 and SC3 are positioned toward the dysbiotic state
of the system, while clusters SC2, SC1.1 and 1.3 are positioned at the healthy state of the
system.
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acid metabolism, indicative of a dysbiotic shift towards an early inflammatory state. Strik-
ing observation for cluster SC3 is the expensive microbiota community network linkage, the
higher levels of the blood-plasma derived albumin, low levels of lysozyme and high levels
of chitinase. On the other side of the spectrum, we find an ecological state that is more
adept to saccharolytic functions, represented by clusters SC2 and SC1.2. These states are
dominated by streptococcal species. Even in a resting state and in prolonged absence of
external carbohydrate sources as after an overnight fasting the salivary pH in these individu-
als is lower compared to the clusters adapted to proteolysis. Interestingly, the saccharolytic
cluster SC1.2 showed a marked reduction in species diversity with the lowest number of
ecological network connections, as well as a relatively high lysozyme level. We propose that
cluster SC1.2 represents an early phase of acidogenic adaptation, specialized in fast sugar
metabolism and prone to a more cariogenic state [196]. It is clear that longitudinal studies
are required to establish the stability of these five ecosystem states, as well as their relation
with the maintenance of oral health.

Similar to ’enterotypes’ in the gut [5, 233], the presence of ’oral ecotypes’ suggests
a role of host factors in shaping the microbial community structure. This was evidenced
by our findings on associations between the salivary biochemical parameters and microbial
composition. One of the factors that related to the microbial community composition was the
pH of saliva. This was not unexpected, since change in environmental pH is a well-known
driver of microbial community activity and ecological shifts [25, 202].

Other interesting associations were found between salivary lysozyme activity and mi-
crobial composition. Lysozyme is antimicrobial protein excreted in saliva, as well as in the
lysozymal granules of neutrophils and macrophages, and is capable of lysing the bacterial
cell wall peptidoglycan [30]. Therefore, it was surprising to find a positive correlation be-
tween salivary lysozyme activity and streptococci, which are Gram-positive and would be
targeted by lysozyme. Additional to its enzymatic antimicrobial activity, lysozyme is in-
volved in aggregation of bacteria, which are then cleared by swallowing [76]. It adsorbs to
oral bacteria in a strain- and species-specific manner, where, among the species tested, the
lowest adsorption of lysozyme was observed to different Streptococcus mitis strains [111].
Interestingly, the highly abundant OTU with the strongest positive relation with lysozyme ac-
tivity in saliva was classified as Streptococcus dentisani/infantis/mitis/oralis or mitis group
streptococcus (OTU4). These mitis group streptococci are known as primary colonizers of
oral surfaces and are associated with oral health [238]. Higher abundance of mitis group
streptococci was not only associated with a higher lysozyme activity, but also with a lower
salivary pH. In fact, lysozyme activity correlated negatively with salivary pH [159]. Since
the optimum activity of lysozyme depends on pH and ionic strength [54], lysozyme activity,
measured ex vivo, might indicate a compensatory over-expression of lysozyme at salivary
pH below the functional optimum of this enzyme. Lowering of salivary pH by commensal
streptococci could also be part of an evolutionary survival mechanism in symbiosis with the
human host.

The simultaneous assessment of microbiome and metabolome allowed a direct compari-
son between these two datasets. Unlike the heterogeneity in salivary microbiome, a majority
of the metabolome samples had highly similar profile. This implies that overnight fasting
saliva metabolism in different individuals carrying different microbiota is driven by simi-
lar processes and fits well to previously described functional redundancy of human micro-
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bial communities [43]. However, about one fourth of the individuals had clearly different
(e.g., more proteolytic activity-driven) and more diverse metabolome profiles. These pro-
files related with several biochemical parameters of saliva, such as higher pH and higher
albumin concentration, and with microbial communities dominated by anaerobes and Gram-
negatives, the taxa associated with mature oral microbial communities and gingival inflam-
mation [168]. Although no significant relation between clinical status (such as plaque levels
or gingival bleeding) and salivary metabolome and microbiome was found (results are not
shown), the positive relation between salivary albumin and pro-inflammatory metabolites in
these saliva samples suggests the presence of inflammation [89].

6.5 Conclusions
In conclusion, unstimulated overnight fasting saliva in a healthy oral ecosystem is micro-
bially heterogeneous and this heterogeneity is not related to salivary metabolites, but to
biochemical host parameters of saliva. Host-related parameters, appear to affect the oral
ecosystem in multiple ways. Clear dichotomy in the bacteria-metabolite associations and a
relation with specific host parameters suggests presence of highly specialized ecotypes of
a healthy oral ecosystem. An over-specialization either toward proteolytic or saccharolytic
ecotype may indicate a shift toward a dysbiotic state and rewards longitudinal interventional
studies.
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