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Abstract

Dental caries is the most common chronic disease in children that causes negative effects on their health, development, and well-being.
Early preventive interventions are key to reduce early childhood caries prevalence. An efficient strategy is to provide risk-based targeted
prevention; however, this requires an accurate caries risk predictor, which is still lacking for infants before caries onset. We aimed
to develop a caries prediction model based on the salivary microbiome of caries-free |-y-old children. Using a nested case-control
design within a prospective cohort study, we selected 30 children based on their caries status at -y follow-up (at 2 y old): 10 children
who remained caries-free, 10 who developed noncavitated caries, and 10 who developed cavitated caries. Saliva samples collected at
baseline before caries onset were analyzed through 165 rRNA gene sequencing. The results of [3 diversity analysis showed a significant
difference in salivary microbiome composition between children who remained caries-free and those who developed cavitated caries at
2y old (analysis of similarities, Benjamini-Hochberg corrected, P = 0.042). The relative abundance of Prevotella nanceiensis, Leptotrichia
sp. HMT 215, Prevotella melaninogenica, and Campylobacter concisus in children who remained caries-free was significantly higher than in
children who developed cavitated caries (Wilcoxon rank sum test, P = 0.024, 0.040, 0.049, and 0.049, respectively). These taxa were
also identified as biomarkers for children who remained caries-free (linear discriminant analysis effect size, linear discriminant analysis
score = 3.69, 3.74, 3.53, and 3.46). A machine learning model based on these 4 species distinguished between |-y-old children who
did and did not develop cavitated caries at 2 y old, with an accuracy of 80%, sensitivity of 80%, and specificity of 80% (area under the
curve, 0.8; 95% Cl, 44.4 to 97.5). Our findings suggest that these salivary microbial biomarkers could assist in predicting future caries
in caries-free |-y-old children and, upon validation, are promising for development into an adjunctive tool for caries risk prediction for
prevention and monitoring.
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Introduction

Early childhood caries (ECC) is among the most common
chronic diseases in children globally, with prevalence increas-
ing drastically during the first 5 y of life (Tinanoff et al. 2019).
ECC is considered a critical public health concern due to its
profound impacts on children’s growth, development, and
quality of life and its economic burden (Casamassimo et al.
2009). Providing preventive interventions as early as possible,
especially within the first year of life, could be a key approach
to reduce overall caries prevalence in children (Pitts et al.
2019). Importantly, targeting preventions to children with high
risk of developing caries would be the most efficient strategy,
particularly in limited resource settings. Yet, an accurate caries
prediction tool, which is essential for target group identifica-
tion, is still lacking (Fontana et al. 2020).

Existing caries management systems, such as CAMBRA
and CariesCare International, are useful for identifying indi-
vidual risk factors for personalized prevention and treatment
but have limitations for predicting future disease (Mejare et al.
2014; Christian et al. 2020). Among the risk factors evaluated
in these systems, past caries experience is considered the most
powerful predictor (Hénsel Petersson et al. 2013; Mejare et al.
2014). Thus, there is a significant limitation for their applica-
tion in infants before any caries initiates.

According to the ecologic plaque hypothesis, dental caries
is caused by oral microbial dysbiosis within the biofilm result-
ing from changes in the oral environment (Marsh 1994; Simon-
Soro and Mira 2015). The long process of cariogenesis consists
of multiple stages (Takahashi and Nyvad 2011), each with dif-
ferent microbial contributors (Li et al. 2004; Takahashi and
Nyvad 2008). There is evidence that the oral microbiome
reflects conditions in the oral cavity deriving from other cario-
genic factors (Grassl et al. 2016; Hemadi et al. 2017) and could
be an independent predictor of dental caries.

A few recent studies proposed novel caries prediction mod-
els derived from supervised machine learning based on oral
microbiome data, with an accuracy of 81% to 93.1% and with
use of a variety of microbial biomarkers (Teng et al. 2015; Xu
et al. 2018; Grier et al. 2021). However, most of these studies
were performed in children at the age of 2 to 6 y. Since the oral
microbiome changes rapidly as children grow and their denti-
tion and diet also change drastically in the first 3 y of life
(Dashper et al. 2019), data from these studies might not be
applicable to children of different ages, especially those in the
first year of life. Therefore, there is a critical gap in our knowl-
edge on the oral microbiome of young infants in relation to
their risk of caries development in subsequent years.

The aims of this study were to investigate the salivary
microbial composition of caries-free 1-y-old children and to
identify microbial predictors for dental caries onset in the fol-
lowing year. We used a nested case-control design within a
prospective cohort and machine learning to develop caries
prediction models to distinguish 1-y-old caries-free children
who remained caries-free from those who developed caries
1 y later.
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Materials and Methods
Study Samples

This report conforms to the STROBE guideline for observa-
tional study. All saliva samples used were stored samples col-
lected in our previous prospective study conducted among
1-y-old children in Khon Kaen, Thailand (Sritangsirikul et al.
2021), described briefly in the Appendix. This study protocol
was approved by the Human Research Ethics Committee,
Faculty of Dentistry, Chulalongkorn University (HREC-DCU
2021-032). Saliva (~1 mL) was collected with a dropper, and
after an aliquot was taken for previous studies, remaining sam-
ples were stored in 25% glycerol at =80 °C. Among the cohort’s
568 participants, 113 were caries-free with >0.1 mL of the
saliva sample remaining. Oral examination for caries was per-
formed via modified World Health Organization (1997) diag-
nostic criteria, and cavitated and noncavitated caries were
recorded separately.

In brief, using a nested case-control design, we selected 30
saliva samples collected at baseline from 113 caries-free par-
ticipants based on their caries status at 12-mo follow-up and
saliva sample quantity (at least 0.4 mL): 10 children who
remained caries-free (caries-free to caries-free; F2F), 10 chil-
dren who developed at least 1 noncavitated caries lesion (white
spot lesion) without any cavitated caries (caries-free to white
spot; F2W), and 10 children who developed at least 1 cavitated
caries lesion (caries-free to decay; F2D). A previous study on
salivary microbiome in children used species accumulation
curves to show that sequence data reached saturation at 10
samples per set (Zhu et al. 2018), suggesting that this sample
size (10 per group) is sufficient for microbiome analysis. An
additional 10 samples were selected from cavitated caries
lesion—free 1-y-old children as a testing group for model
validation.

Sample Processing and Analysis

The overview of study design and analysis pipeline is shown in
Figure 1. Detailed methods, including sample preparation, 168
rRNA gene sequencing, bioinformatics, and statistical meth-
ods, are described in the Appendix. All 16S rRNA sequence
reads and generated data sets are publicly available through
NCBI accession PRINAS66487.

Results

Characteristics of Participants and Samples

All 3 groups of children were similar in age, gender, status of
human milk consumption, age weaned from breastfeeding,
number of erupted teeth at 1 and 2 y old, and salivary pH
(Table). Mean £ SD age at the time of enrolment was 12.7 +
1.3, 12.6 & 1.1, and 12.4 % 0.5 mo for children who remained
caries-free (F2F), those who developed noncavitated caries
(F2W), and those with cavitated caries (F2D) at 12-mo-follow-
up, respectively.
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to generate models for future caries prediction.

The salivary microbiota determination by 16S rRNA gene
sequencing produced an average of >57,000 reads per sample
after quality control and amplicon sequence variant identifica-
tion. The minimum frequency among all samples was 18,207
with an average of 28,489.7 per sample, representing 945
unique features, 160 distinct species-level taxonomic assign-
ments, and 74 genera. The top 15 most abundant genera
accounted for 94.7% of the overall composition across all sam-
ples, with Streptococcus being the most abundant (29.2%), fol-
lowed by Alloprevotella (12.5%), Veillonella (9.99%),
Haemophilus (8.8%), Leptotrichia (6.2%), and Neisseria
(6.1%; Fig. 2A). The abundance was not significantly different

when compared among groups (P > 0.05, Kruskal-Wallis). The
top 25 most abundant species accounted for 87.9% of the over-
all composition. Among these, 6 were unclassified (Fig. 2B).

Salivary Microbiome Diversity among Caries-free
Children with Different Future Caries Status

Diversity, within sample (o diversity) and between samples ([}
diversity), was analyzed among the 3 groups with different
future caries outcomes at the amplicon sequence variant level.
For « diversity, no significant difference was found in terms of
Shannon and Chaol « diversity among the 3 groups (P = 0.11




Journal of Dental Research 00(0)

Table. Characteristics of Participants by Comparison Group.

Variable F2F (n = 10) F2W (n = 10) F2D (n = 10) P Value
Age, mo 127+ 1.3 126 + 1.1 124 +05 0.99°
Sex 0.87°
Male 50 60 50
Female 50 40 50
No. of teeth
At | yold ST E£22 54+22 419 0.19
At 2yold 17.4 £ 23 16.6 £ 1.3 15813 0.28
Weaned (human milk) 90 90 60 0.15°
Age weaned from breastfeeding, mo 6.6 167 58+6.0 86186 0.78*
pH of saliva 72+03 72106 74+06 0.57¢
At 2y old?
dmfs 0 0 54+49 <0.001°
d,mfs 0 6.1 £2.1 86147 <0.001*

Values are presented as mean + SD or %.

F2D, developed cavitated caries; F2F, caries-free children who remained caries-free; F2W, developed noncavitated caries.

*Kruskal-VVallis test.
bChi-square test.
“Analysis of variance.

9dmfs is the sum of the number of decayed, missing due to caries, and filled tooth surfaces in the deciduous teeth. d,mfs includes d, (detectable enamel
lesion with a sound surface) or worse as decayed. There was no m (missing due to caries) and f (filled tooth/surface) found in any children.

and 0.30, respectively, Kruskal-Wallis; Fig. 2C, D). However,
there was a significant difference between F2F and F2W
groups in terms of the relative evenness of species richness
(Pielou evenness, P = 0.024, Kruskal-Wallis with Benjamini-
Hochberg correction; Fig. 2E). For [} diversity, principal coor-
dinates analysis based on unweighted UniFrac distance showed
that the salivary microbiota of children who stayed caries-free
(F2F) was significantly different from those who developed
cavitated caries at follow-up (F2D; P = 0.042, analysis of simi-
larities with Benjamini-Hochberg correction; Fig. 2F). Thus,
we focused on the comparison between these groups in subse-
quent analyses.

Microbial Biomarkers of Future Caries among
Caries-free Children

To identify potential biomarkers for caries prediction, univari-
ate tests on each species-level taxonomic unit showed that the
relative abundance of Prevotella nanceiensis, Leptotrichia sp.
HMT 215, Prevotella melaninogenica, and Campylobacter
concisus was significantly higher in F2F when compared with
F2D (P =0.024, P = 0.04, P = 0.049, and P = 0.049, respec-
tively, Wilcoxon rank sum test; Fig. 3A-D). By using linear
discriminant analysis effect size (LEfSe), a biomarker discov-
ery method (Segata et al. 2011), these 4 species were also iden-
tified as biomarkers of the F2F group (Fig. 3E).

Caries Prediction Models Building from Salivary
Microbiome Data

Our findings showed that the differences in salivary microbi-
ome structure between F2F and F2D could be observed prior to
the onset of dental caries. Thus, these data were used as a train-
ing data set to generate a random forest model based on the

relative abundance of the overall salivary microbiota composi-
tion. When this model was tested on a testing data set of an
additional 10 samples from 1-y-old cavitated caries lesion—free
children (Appendix Table 2), it gave an accuracy of 70%, sen-
sitivity of 80%, and specificity of 60% (area under the curve
[AUC], 0.7; 95% CI, 34.8 to 93.3; Fig. 4A).

To improve the predictive accuracy and simplify the models
for ease of future applications, potential biomarkers were
selected through 2 approaches. First, in the important features
model, Boruta and recursive feature climination algorithms
selected future caries—discriminatory taxa based on their
importance to model accuracy: Leprotrichia sp. HMT 215, C.
concisus, P. nanceiensis, Leptotrichia goodfellowii, and P. mel-
aninogenica (Fig. 3F, G). The predictive performance of this
model was comparable to that of the all-taxa model (AUC, 0.7;
95% CI, 34.8 to 93.3; Fig. 4B). Second, by using LEfSe, a dif-
ferential abundance model was constructed from the 4 species
that showed significant differences in abundance between F2F
and F2D (P, nanceiensis, Leptotrichia sp. HMT 215, P. mela-
ninogenica, and C. concisus). This approach improved the
model performance, giving an accuracy of 80%, sensitivity of
80%, and specificity of 80% (AUC, 0.8; 95% CI, 44 .4 to 97.5;
Fig. 4C).

Furthermore, single-species models, generated from each
of the 5 biomarkers from the important features model, showed
that only C. concisus abundance exhibited comparable predic-
tive performance to the differential abundance model (AUC,
0.8; 95% Cl, 44.4 to 97.5; Fig. 4D). The other single-species
models did not perform as well (Appendix Fig. 2).

Discussion

Dental caries is a complex and multifactorial biofilm-mediated
disecase (Takahashi and Nyvad 2011). Streptococcus mutans
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Figure 2. Relative abundance of bacterial genera (A) and species (B) in the microbiome of caries-free children by caries status at |2-mo follow-up

in saliva samples based on eHOMD database. F2F children remained caries-free; F2W children developed white spot lesions (noncavitated caries)
within 12mo; and F2D children developed decay (cavitated caries) within 12mo. Diversity analyses: box plots of alpha diversity, measured by Shannon
diversity index (C), Chaol index (D), and Pielou evenness (E). Green box plots represent F2F group; yellow, F2W; and red, F2D. Horizontal line,
median; box, IQR; vertical lines, 95% ClI; circle, outlier. (F) Principal coordinate analysis plot based on the unweighted UniFrac distance matrix, with
samples colored by groups: green dots represent F2F samples; yellow, F2W; and red, F2D.

and Lactobacillus spp. are well-known cariogenic bacteria
associated with ECC, and their levels have been included as
risk factors in certain caries risk assessment tools (Liu et al.
2019). However, the levels of these bacteria could reflect cur-
rent caries status rather than predict future caries (Hong and Hu
2010). In contrast, changes in oral microbiota resulting from
the combined cffects of various risk and protective factors pre-
cede the establishment of cariogenic bacteria and should there-
fore be useful as a tool for caries prediction (Dashper et al.
2019). An accurate prediction tool is essential for planning tar-
geted preventive interventions for high-risk infants before car-
ies initiate, but this is still lacking. In this work, we built caries
prediction models based on bacterial biomarkers in the salivary
microbiome of 1-y-old caries-free children that can distinguish
children who remained caries-free from those who developed

cavitated caries 1 y later. To our knowledge, this is the first
study that developed caries prediction models specifically for
this important age group.

Our results showed that, up to 1 y before caries onset, the
salivary microbiome composition of 1-y-old children who
developed clinically detectable cavitated caries at 2-y-old
follow-up was significantly different from that of children who
remained caries-free (Fig. 2F). We used supervised machine
learning to identify bacterial biomarkers and constructed mod-
els for caries prediction. The all-taxa model performed reason-
ably well in predicting caries in a test data set (Fig. 4A).
However, models that use information of all taxa may suffer
from overfitting when they learn too many details, including
noise, during (raining. Therefore, we generated simplified
models based on selected taxa to increase model performance
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Figure 3. Differentially abundant microbial taxa based on caries status at 12-mo follow-up among children who remained caries-free (F2F; light gray
box plots [green in the online version]) and those who developed cavitated caries (F2D; dark gray boxplots [red online]) according to the Wilcoxon
rank sum tests. A significant difference was observed for (A) Leptotrichia sp. HMT 215, (B) Prevotella nanceiensis, (C) Prevotella melaninogenica, and

(D) Campylobacter concisus. Horizontal line, median; box, IQR; vertical lines, 95% Cl. (E) Histogram of the linear discriminant analysis scores for
differentially abundant features among groups (threshold score set to 2.0). Variable importance plots show most discriminatory bacterial taxa ranked

in descending order of importance according to the accuracy of the model: mean decrease in (F) accuracy and (G) Gini coefficient. **Confirmed
important features by Boruta algorithm and recursive feature elimination, shown in black dots (red dots in the online version). LDA, linear discriminant

analysis; LEfSe, linear discriminant analysis effect size,

goodfellowii, and P. melaninogenica—selected by Boruta
algorithm, considered the most powerful selection method of
random forests (Kursa and Rudnicki 2010; Degenhardt et al.

and ease future implementation in clinical applications. The
important features model was constructed from 5 species—
Leptotrichia sp. HMT 215, C. concisus, P. nanceiensis, L.
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sp. HMT 215, Prevotella nanceiensis, Prevotella melaninogenica, Campylobacter concisus, Leptotrichia goodfellowii), (C) differential abundance (Leptotrichia sp.
HMT 215, P. nanceiensis, P. melaninogenica, C. concisus), and (D) C. concisus. Accuracy, sensitivity, specificity, positive predictive value, negative predictive
value, and P value (accuracy [ACC] > no information rate [NIR]) of models are shown.

2017). The selection was confirmed by recursive feature elimi-
nation, a popular method for discovering a minimal set of fea-
tures that delivers good prediction (Diaz-Uriarte and Alvarez
de Andres 2006; Degenhardt et al. 2017). We also constructed
a differential abundance model based on LEfSe, which identi-
fied the same sct of biomarkers except L. goodfellowii (Fig.
4B, C). Our results suggest that the differential abundance
model gave the highest level of accuracy for caries prediction
up to 1 y before caries onset. Although the C. concisus single-
species model gave similar accuracy in this test data set, there
is high possibility that this species may be absent in some sam-
ples in a larger population. Thus, an effective model should
include a balanced combination of appropriate biomarkers.

C. concisus was one of the most important features (Fig. 3F,
G; Appendix Fig. 3) and was the only single-species model that
performed well in caries prediction (Fig. 4D). C. concisus
abundance was higher in children who stayed caries-free
(F2F), which is consistent with a previous study (Al-Hebshi
etal. 2019), suggesting that it might play a protective role against
cariogenesis. Because of its ability to form biofilm (Lavrencic
et al. 2012) and to survive in low pH (Kaakoush et al. 2016),
C. concisus may be able to compete with cariogenic biofilm
producers, such as S. mutans. Previous studies reported that
C. concisus was associated with gingival inflammation and
periodontal disease onset (Macuch and Tanner 2000). However,

a high prevalence of C. concisus in the saliva of healthy per-
sons also suggests that it could be a part of the normal human
oral microbiota (Zhang et al. 2010). Our results suggest that a
low abundance of C. concisus may be a predictor of future car-
ies, but its mechanistic roles require further studies.

Our best model gave 80% accuracy in this test data set, so
we examined the cases with incorrect prediction in detail
(Appendix Table 3). In the case incorrectly predicted to develop
caries (T06), although no cavitated caries developed, the d,s
index increased from 4 at baseline to 12 at follow-up. In con-
trast, the case incorrectly predicted to remain caries-free (T03)
developed only 1 cavitated caries lesion at follow-up (Appendix
Table 2). Thus, the model may not perform well in borderline
scenarios. A way to improve the accuracy of the models is by
increasing training data. We recognize the limitation posed by
the small sample size used in this preliminary analysis and
expect that the accuracy would be improved in future analyses
of a larger number of children.

Another limitation of this study is the use of 16S rRNA
gene sequencing, which provided considerably limited taxo-
nomic resolution below the genus level due to the high
sequence similarity of the 16S rRNA gene, especially with the
use of partial amplicons (Caudill and Brayton 2022). For
instance, the genus Streptococcus was not classified well at the
species level (Fig. 2B). In addition, the genus Streptococcus
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was less abundant than previous reports in l-y-old children
(Dashper et al. 2019). This may be partly due to the resistance
of streptococci to different lysis methods (Cho et al. 2021).
Since we could not analyze the abundance of S. mutans in this
data set, we preliminarily analyzed culture-based mutans strep-
tococei count in these samples. We found no significant differ-
ence among groups, although children who remained
caries-free tended to have lower levels of mutans streptococci
(P = 0.09, Kruskal-Wallis test; Appendix Fig. 6). In addition,
other microorganisms, particularly Candida, could contribute
to cariogenesis in children (Klinke et al. 2014; Xiao et al.
2018), but they cannot be analyzed with the methods employed
here. Future works based on more powerful methods in terms
of DNA extraction and sequencing, such as 16S full length—
based synthetic long-read sequencing (sFL16S; Jeong et al.
2021)and shallow shotgun metagenomic sequencing (Hillmann
et al. 2018), could improve species- and strain-level identifica-
tion that could lead to more refined biomarker discovery.
Extending the microbiome studies to include other microor-
ganisms besides bacteria, especially fungi, would also lead to a
more complete picture of the roles of the oral microbiome in
cariogenesis and potentially to better predictive tools.

Our study differs from previous reports on caries prediction
models based on oral microbiota and supervised machine
learning in several aspects and thus would complement exist-
ing evidence. First, we focused on 1-y-old children, while oth-
ers studied older children (2 to 6 y; Teng et al. 2015; Xu et al.
2018; Grier et al. 2021). Since the salivary microbiome of
young children changes drastically during early life, it was
reported that the microbiome of 1-y-olds differs in terms of
and 3 diversity from other ages from 2 to 48 mo (Dashper et al.
2019). It is likely that the biomarkers of different age groups
could differ; thus, we chose to target the population that is key
to prevention of early disease. Second, the prediction models
by Teng et al. (2015) and Xu et al. (2018) were developed by
learning from the differences in the oral microbiota between
caries-free and caries-affected children. Therefore, these mod-
els made predictions for high risk of ECC based on similarity
of the microbiota to that of the caries-active state. However,
since the oral microbial community gradually transforms
through various stages of caries development, the oral micro-
biota of precaries and caries-active states are not necessarily
similar (Takahashi and Nyvad 2008). In contrast, our models
learned exclusively from caries-free children with different
future caries status, which is a more direct approach for caries
prediction among healthy subjects before caries onset. Third,
our model achieved 80% accuracy for caries prediction up to
| y before caries detection, while previous models by Grier
et al. (2021) showed similar levels of accuracy at 6 mo before
caries diagnosis but not as accurate when examining enroll-
ment visit samples. Furthermore, for the first time, our study
developed prediction models based on a Southeast Asian popu-
lation. Since the diversity of the oral microbiome varies by
geography and race/ethnicity (Gupta et al. 2017), our study
provides new information in a population that had not been
explored. Although these differences were reported among

adults, the oral microbiome may also differ in young children
because their salivary microbiomes were similar to those of
their mothers (Jo et al. 2021). Two previous studies in the
Chinese population identified Streptococcus and Prevetella as
the most discriminatory genera (Teng et al. 2015; Xu et al.
2018), while a study in the United States indicated that
Streptococcus sp., Rothia mucilaginosa, and Veillonella par-
vila were important (Grier et al. 2021). Thus, due to several
differences among various studies, in terms of population age,
race/ethnicity, geography, sample preparation, and sequencing
methodologies, further investigations are required to validate
whether these models would perform well across populations.

To initiate such cross-study validation, we examined the
performance of our differential-abundance model in a subset of
data of children <2 y old from publicly available data of a pre-
vious report (Grier et al. 2021). We found that the model
showed 58.82% accuracy of prediction (Appendix Fig. 4A).
We speculate that the lower accuracy was likely due to several
differences between the test and the training data sets. First, the
test data set included noncavitated caries for precaries samples,
while our training data set considered only cavitated caries as
decay. The accuracy was reduced to 50% when analyzing only
the precaries samples (Appendix Fig. 4B). Second, the samples
were collected from children of different ages (20.5 + 2.6 mo
for test data set vs. 12.6 £ 0.97 mo for training data set). It was
shown that the salivary microbiome of 1- and 2-y-old children
differs significantly (Dashper et al. 2019). In addition, the dif-
ferences in the race/ethnicity of study populations and other
methodologies may affect microbiome data and model perfor-
mance. Nevertheless, we found that the relative abundance of
C. concisus and P. nanceiensis appeared to be higher in chil-
dren who remained caries-free as compared with those with
ECC within 2 y, although these were not statistically signifi-
cant (Appendix Fig. 5A, B).

Altogether, our analysis of saliva samples exclusively from
caries-free 1-y-old children results in a promising microbiota-
based caries prediction model for this important age group.
The results showed that a low abundance of 4 bacterial bio-
markers in 1-y-old infants was associated with caries develop-
ment at 12-mo follow-up. These findings could be further
developed to integrate with risk-based caries management sys-
tems for targeted prevention to reduce overall incidence of
dental caries in young children. In conclusion, the caries pre-
diction model based on salivary microbial biomarkers offers a
promising approach to accurate and bias-free caries prediction
for I-y-old children prior to caries onset.
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